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ABSTRACT
Li, Chih-Wei Ph.D., Purdue University, December 2017. Probabilistic-Based Modeling of Human Perceptual-Motor Behaviors with Application to Wheelchair Targeting
Locomotion. Major Professor: Justin Seipel, School of Mechanical Engineering.
The objective of this thesis is to develop an empirically-based probabilistic model
of the perception-action behaviors of human wheelchair locomotion and navigation
over short distance ranges relevant for small space scenarios. More specifically, a
probabilistic description and model is sought for the visual perception of distance and
orientation with respect to objects, and for wheelchair locomotion based upon straight
line and turning behaviors. Further, the specific behavior of manual wheelchair users
boarding a small platform area, relevant for lifts and small elevators, is studied experimentally and in a probabilistic-based simulation. The approach taken consists
of two parts. First, human subject studies were conducted to characterize the errors of egocentric human spatial perception (i.e., distance and azimuth direction) and
locomotion in a near-body ‘interactive range’, of approximately one to two meters.
Second, a predictive model and simulation of locomotion was developed based on
data collected in Part I, in order to describe manual wheelchair user locomotion and
navigation. The experimental results showed that the main source of perception error was from direction perception. Further, the average wheelchair paths taken in
navigation experiments were found to approximate smoothly connected straight line
and circular arc (constant turn radius) segments. The simulation results of Part II
generally demonstrated good agreement with experimental data based on correlation
analysis. Overall, the probabilistic modeling architecture used here enables the simulation of manual wheelchair locomotion and navigation using Hidden Markov Model
and Bayes interpretation. The results presented here could inform the development of

xx
simulation tools for evaluating the accessibility and mobility of the built environment
and assistive devices.
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1. INTRODUCTION
Human locomotion immediately near objects such as furniture or walls is a common
part of our everyday life that we might take for granted. Nonetheless, perception,
locomotion and navigation with respect to nearby objects is an important consideration when designing human environments. Such consideration may be especially
important when designing for people with mobility challenges, such as the very young,
those in a wheelchair, or those with other perceptual and motor-control impairments.
Mobility is an important index of wheelchair user wellbeing. Wheelchair and user
perception and locomotion models could be a powerful tool to help us analyze and
simulate the challenges wheelchair users may face [1, 2]. While it is common practice
to prescribe environmental design dimensions to aid locomotion, such as minimum
hallway widths, doorway sizes, or elevator sizes [3–5], there currently is less work
that seeks to understand and predict the relevant human locomotion and perception
behaviors while humans navigate the immediate vicinity of objects, walls, or obstacles.
More specifically, to adequately understand and design for such locomotor and related
perception behaviors, there currently is need for determining human locomotion and
perception error behavior over such near-body distances, and to construct predictive
probabilistic models based on this error behavior.
While there exists some knowledge about human navigation and related perception
behavior over larger distance ranges, more than two meters [6, 7], little is currently
known for distance ranges immediately near the body, from roughly one to two meters.
Further, complete parameters for constructing error probability density functions,
such as statistical descriptions of error mean (constant error), error standard deviation
(variable error), and the type of error distribution (i.e., whether normal or another
distribution type) are not typically available for human perception and locomotion
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behaviors. Overall, no known probabilistic based model exists to predict human
perception and locomotion with respect to objects near the body.
The overall objective of this dissertation is to first empirically determine basic
human perception and locomotion error over a near-body distance, Within a manual
wheelchair locomotive scenario, and second, using a probabilistic description and
modeling approach, develop a more general simulation of human locomotion that can
predict more complex navigation behaviors. The near-body distance studied in both
the experimental and simulation portions of this dissertation is approximately from
one to two meters. This ‘near-body’ range is defined as the range just outside of one’s
own reach to the space reachable within one step. This range would include the most
likely physical interactions that might occur immediately in the space around us, such
as avoiding or positioning with respect to obstacles, objects, or other people. This
near-body perception and locomotion behavior provides a foundation for analyzing
and predicting short-range locomotion behaviors from about one to ten meters, that
might include common distances involved in indoor environments or smaller outdoor
spaces.
A scenario involving wheelchair locomotion is used to generate a generalized human locomotion model, since the kinematics is simpler than legged locomotion. This
scenario is also used since I aim to apply this modeling work to predict the errors
associated with wheelchair locomotion, with a particular interest in designing builtenvironments and transportation infrastructure for greater wheelchair accessibility.
Knowledge gained from such modeling also helps us analyze and predict human behavior, which can have many applications in a range of fields. Predictive models of
human perception and locomotion behavior can also become a foundation for improving the design of artifacts and the environment around us. For example, ergonomics
and human factors engineers have used human behavior models to improve the usability of tools and environments [8–10]. Kinesiologists can apply human perception and
locomotion behavior models to benefit the health and wellness of people [11–13]. Hu-
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man reliability analysis can also benefit from human behavioral modeling to enhance
the performance of a human-machine co-working system [14, 15].
In Part I, human locomotion behavior is determined over short distances. Human subjects were studied while performing elementary or fundamental motions of
straight-line and angular locomotion, and while operating a manual wheelchair. More
specifically, the errors of human locomotion are determined, along with the statistical
parameters that describe the distribution of locomotion error (and that determine a
probability density function of locomotion error) (Ch. 4). Further, as visual perception is expected to be a key component of locomotion and navigation nearby objects
or obstacles, and to aid development of models as explained below, visual perception of distance and azimuth direction are also studied over the near-body distance
ranges (Ch. 2 and Ch. 3). Having two sets of experiments, one for perception, and
the other for locomotion, also provides for potential insights into the interaction of
perception and action, which is relevant to the broad and inter-disciplinary study of
human motion. A more complex experiment involving locomotion and navigation of
a wheelchair on-boarding a platform was also conducted (e.g., simulating a lift or elevator scenario), where the mean and variation of paths taken was determined, along
with the overall shape and characteristics of the motion paths (Ch. 5).
In Part II, in order to predictively model human locomotion near objects and obstacles, a modeling framework is developed that is composed from a visual perception
component model along with an action-only or motor-only component model. However, experimentally determining the ‘action without perception’ component of human locomotion is filled with difficulties and may not be possible in practice. Instead,
I use Bayesian inference to predict what the locomotion without vision component
would be based on the locomotion experiments and the visual perception experiments
(Ch. 6). In order to make the model probabilistic, each component is based upon the
probabilistic density functions from the experimental work. Further, in order to
make the model dynamic and predictive of multiple steps in the locomotion behavior,
a Hidden Markov Model (HMM) framework is used. The modeling framework used
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here, based upon a composition of parts, is similar to an engineering approach to a
sensor-motor system, such as a robot. More specifically, in the field of probabilistic
robotics, such composition of sensor and motor probability models is common. Finally, the model is validated with respect to one-step locomotion experiments, as well
as multi-step navigation experiments (Ch. 7).

Part I
Human Egocentric Perception and
Locomotion Experiments

5

6

2. ERRORS IN PERCEIVING DISTANCES TO NEARBY OBJECTS
2.1

Overview
In this chapter, I propose an experiment to determine the errors of human distance

perception over a near-body range from one to two meters, and use the experiments
to establish a predictive probabilistic model of the error of perceived distance. Here
I use a probability density function model that requires experimentally determining
the constant error, variable error, and distribution type of error found in a population of human subjects. The experimental work presented here seeks to predict the
probability density function for distances from approximately one to two meters.

2.2

Introduction
It is commonplace for humans to visually perceive distances from themselves (an

egocentric frame of reference) to objects in the environment. Such objects in the
environment may be of interest to interact with, navigate around, or even just observe. Errors in egocentric perception of distances to objects could be of significant
consequence to many human-environment behaviors. Scientific study of human visual
distance perception and its errors can be traced back to the 1920s [16]. Since then,
many studies have been published to reveal the characteristics and factors influencing distance perception [17, 18]. Still, currently, little is known about the perception
errors of distances near the body, particularly between one and two meters away.
For this distance range, a complete description of the perception errors, including the
probability distribution of error, is currently unavailable.
The near-body distance range, from one to two meters, is of importance to human
perception and interaction in the environment. Since this near-body distance range
is approximately from an arm’s reach (about one meter) to a distance that can be
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reached within one step (about two meters), it is relevant for observations, decisions,
or actions in the immediate future. The field of social psychology has identified
similar distance zones of importance, based on the relation between the self and
others [19]. For example, Binges and Getting studied the relation between social
interaction distance and anxiety level. They found that subjects showed the highest
anxiety for near (30 inches/0.76 m) and far (88 inches/2.23 m) distances, and lower
anxiety within the intermediate range in-between [20].
Here I seek to determine the probability of human distance perception error as a
function of physical distance. For a given distance being perceived, in order to fully
describe or predict the error, I seek to determine the statistical qualities from a sample human population: the average perceived error (a constant error), the standard
deviation of the error (a variable error), and the distribution type (such as whether
a normal, skewed, or other distribution that can be modeled). A similar approach
to characterize and predict error behavior has been used for many applications in
the field of probabilistic robotics [21, 22]. I expect that the development of such statistical descriptions of perception error, and associated predictive models based on
probability density functions, could be helpful for many applications involving human
perception of distance.

2.3

Background
Visual perception of distance is among classic topics in experimental psychology.

Previously, simple theoretical models have been proposed to describe the relationship
between the physical distance and the perceived distance. In 1951, Gilinsky mathematically derived a formula to represent the relation between the true distance and
perceived distance [23]. Her formula was based on the physics of binocular vision,
size constancy and visual angle. The formula is as follows,
d=

AD
.
A+D

(2.1)
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Here d is the perceived distance and the D is the physical (‘true’) distance. The
formula includes a factor A which is the maximum limit of perceived distance. The
factor A depends on subjects and the conditions under which perception occurs. It
provides an explanation of the differences across individuals as well as the effect
of a given scenario that may change the conditions of perception. Gilinsky also
conducted two pilot experiments to verify the formula. According to the formula,
the errors of distance perception (the difference of perceived and physical distance
here) are always negative and varied with the target distance (for the same observer
and observing condition). This means that one will always underestimate distances
and the absolute value of the errors will be very large for long distances (e.g., the
theory predicts ∼ 20% for a physical distance of 15 m). However, according to our
daily experiences, an athlete like a baseball player can easily execute an accurate
action over longer distances, which indicates that the distance perception may be
more accurate than the model suggests. Many following studies also demonstrated
that humans maintain accuracy within 20 m (< 5%) [7, 24–27].
To better predict the mean perceived distances measured in experiments, an alternative model based upon a power law generalization of experimental results was
proposed:
d = KDn .

(2.2)

Here K is a scale term, and sometimes is assumed to be one. The exponent n is
a parameter that reflects the overall trend of the function [17, 28–31]. In 1985, Da
Silva analyzed results from 32 studies (54 experiments) and processed a series of
experiments for determining the n value. The range of n was found to be between
0.41 and 1.47. The experimental mean value of n is 0.90 [17].
Despite a generalized power law that is able to explain a wide range of studies the
results between specific studies may be very different. Da Silva indicated that the
experimental method and distance range may affect the result significantly [17]. This
implies that some distance perception experimental methods may include additional
factors like motor control or memory. Here I discuss and compare the main methods
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and ranges that have been used in previous experiments: verbal, which uses a verbal indication of perceived distance; motion related, which uses body movement to
indicate perceived distance; magnitude, in which comparisons in magnitude between
stimulus and reference object are used; and distance matching, where a controlled
object’s distance is in some way matched to a stimulus object.
Verbal: Verbal indication of the perceived distance is one of the simplest experimental methods. However, the results of this method are not easily replicated. Foley
compared the results of verbal reporting with the task of reaching out the arm a
given distance, and found that they are correlated but different [32], and the verbal
result has been found to be highly influenced by the testing range [33]. Pagano and
Bingham mentioned that verbal judgments are influenced by the subject’s personal
experience of motion rather than the perceptual information by itself [34]. Philbeck
and Loomis suggested verbal and motion results of the walking-without-vision task
are based on the same source (‘true perceived distance’), but through a different
transformation process [35]. Some studies recommended using a motion task instead
of a verbal test [7, 33].
Motion Related:

Many studies of distance perception have used motion related

methods. In many of these motion-related studies, the n value as described by the
power law model has been found to be very close to one [25,26,30,36–40]. One motionrelated method commonly used is called ‘walk without vision’ [26,36–39,41,42]. Subjects show high accuracy in this type of experiment up to 20 m. Loomis et al.
stated that the accuracy found in these studies may be influenced significantly by
motion [27]. The observer might learn to calibrate their walking distance even if they
have inaccurate visual perception [26, 27, 43]. In order to mitigate the confounding
effect of motion calibration from experience on perception, some researchers proposed
another motion-related method called the triangulation method [25,40]. Some studies
argued that the results from triangulation are very similar to the results of the walk
without vision method, but the motions involved with triangulation are not common

10
motions humans perform on a daily basis, so we may not have enough experience to
calibrate the result [25, 44]. The perceived distances are accurate within 6 meters,
and the n value for the power law model is close to one. Therefore, the authors concluded that human visual perception is accurate, independent of the specific motion
related measurement method used. There are a few other motion related methods
that have also been used in distance perception experiments. Foley used a pointing
(reaching) method to indicate the perceived location in short ranges [32, 45]. Sahm
et al. used throwing distance to indicate the perceived distance [39]. These methods
include different errors from motions, but still achieved high accuracy in the distance
perception task.
I expect that the effect of motion in spatial perception experiments is not ignorable. It is not likely that we can distinguish perception from motion factors through
a motion related experiment. In the walking-without-vision experiments, subjects
need to update perceived distances by use of proprioceptors (vestibular system and
joint sensors) to represent the visual perceived distance. Additional uncertainty is
introduced with these additional sensory inputs.
Magnitude: In the magnitude method an observer is asked to compare the egocentric distances of a stimulus and a reference in terms of a reference unit: For example,
if the distance of a reference is perceived and defined as one unit, a three times further
stimulus would be indicated as three units. [28, 29, 31]. This approach is a way to
perceive a very long range distance which one cannot move to and and would not
have established skill or experience for the quantification of distance with a given
unit system. However, this method may have some disadvantages. First, the resolution of the method is limited and is varied across individuals. Second, it usually
takes a long time (1.5 hours in Galanter and Galanter study) to train the observers
to make magnitude estimations [29]. The experience of using this method may also
affect the result. This approach can be useful for determining the scaling function
between different observation conditions, and to evaluate and compare results from
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different conditions. However, the magnitude method may be less useful for making
direct estimates of test distances [46].
Distance Matching: A method called distance matching is among the most straightforward methods to estimate perceived distance. The method usually asks observers
to perceive a distance to a target and to adjust (remotely or verbally) a variable
object to equal distance along a different direction [6, 7], which I call ‘as-is’ distance
matching in the following sections. An alternative is to adjust the variable object to
a point that bisects or trisects the perceived distance along the same direction (called
a ‘bisection method’ or ‘fractional method’) [6, 23, 26, 47, 48]. Once a subject has finished a distance matching task, the distances to the two objects are indistinguishable
to the human subject. However, the physical distance of these two objects will, in
general, be different. Therefore, in that case, the difference between them, the error,
is a sample of the possible perceived error distribution of the assigned distance of
the stimulus. An uncertainty distribution model can be built if one repeat the task
several times.
I expect that the distance matching method and verbal methods are likely to yield
a result that approximates an ideal perception-only situation, as they do not directly
include motion-related tasks. I also expect that the distance matching method will
have better reproducibility when compared to the verbal method, because of the
calibrated measurement instrument that it uses as opposed to verbal reporting of
distance.
Here I compare previous distance matching experiments. In Fig. 2.1(b) the perception errors reported in different distance matching experiments are shown, including
both ‘as-is’ and ‘bisection’ approaches to distance matching [6, 7, 23, 26, 47, 48]. The
data from previous ‘as-is’ distance matching studies appear to be in agreement and
aligned, and the data from ‘bisection’ studies are also aligned, though along another
slope. This implies that these two specific distance matching methods rely upon
somewhat different perception processes. Relative to the other experiments reported,
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data from Gilinsky’s study appears significantly different, maybe due to the small
sample size (sample size = 1). Figure 2.1(b) shows the constant error over the different physical distances tested. In most of these studies it was reported that the
variable errors increase with distance [6, 7, 23, 26, 47, 48].
Currently, I am not aware of any distance matching studies of distance perception
from one to two meters. The existing distance-matching testing ranges are from 2 to
more than 100 meters: See Fig. 2.2. This is a significant gap in our current knowledge.
Distance perception over this near-body range is directly relevant for proximal humanto-human social interactions, human-animal interactions, human-object interactions,
and general navigation in human-built and natural environments. Here, I present a
new distance-matching experiment and results for the near-body distance range from
one to two meter.

2.4

Methods
The experimental setup used here is based on the distance-matching experiment

by Sinai et al. [7], since it reduces the introduction of errors due to human motion.
Like Sinai et al., I set up the experiment in a virtual reality environment and created
an “L-shaped” corridor. Subjects were at the center or intersection of both arms of
the corridor. A stimulus object was located at one arm of the corridor, and subjects
adjusted another object in the other arm to match the distance of the stimulus object:
See Fig. 2.3 for a diagram of the experimental setup. The subject was located at the
extended intersection point of two orthogonal rails throughout the duration of the
experiment.The stimulus was put on the left or right rail and the distance was assigned
by the researcher for each run. The side of stimulus was randomly decided. An object
which had the same look of the stimulus was on the other rail and the distance of this
object could be remotely controlled by the subject via a small motor-controller that
moved the object along the rail. The distance of the participant positioned object was
recorded by computer automatically. Experiments were held in a controlled indoor
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space, and the floor was covered with black paper to remove any feature or reference
on the ground.
Participants performed the perception tasks in a seated position. Participants
sat on a commonly available and immobile commercial manual wheelchair. This is
because the same chair is used in other experimental studies by the authors. Standard
wheelchairs can also be replicated in other future studies as a controlled factor. As
subjects did not move or operate the wheelchair in this study and had no reason or
ability to move the wheelchair during this study, One can consider this effectively
the same as a usual seated position. A seated position provides a benefit of reducing
individual differences in the height of the observation point. The standard deviation
of standing eye height is 53 mm while the standard deviation of sitting eye height
is significantly smaller: 29 mm [49]. This has the benefit of normalizing the study.
Further, as this particular work is on sensing, there are many other instances when
one is in a seated position and sensing distances or otherwise perceiving distances even
if they are not moving (e.g., while watching a performance or presentation, observing
wildlife, observing human activity in an indoor or outdoor space, etc.).

2.4.1 Subjects
Twenty-four physically active volunteers from the university community participated in the experiment. All subjects were asked to participate in two experiments
during one session involving perception of distance as well as a separate perception
task not reported here, regarding azimuth direction. Twenty-three subjects finished
the experiments (8 females and 15 males; age = 25.6±4.7). All subjects had normal
or corrected-to-normal acuity. Subjects were paid $10 an hour, and the experiment
lasted about half of an hour. All subjects were not knowledgeable about the stimulus
used or about the perception experiment. All participants provided informed consent
forms as required by the university institutional review board, which approved this
study.
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2.4.2

Stimulus Object

The stimulus object used in the experiments was a yellow luminous rectangle
(150 mm ×45 mm) presented at the ground level. The reason I put the stimulus
on the ground instead of at eye level is because some studies have shown that the
visual system can recover the absolute distance (the distance between the target and
the egocenter projection on the ground), and the ground level angular elevation is a
useful cue of distance perception [26,27,35,41,50]. The stimulus was positioned along
a linear rail by a researcher to a randomly assigned position which was between 0.7
m to 2 m. For the sake of obtaining a detailed trend of error, the resolution of the
experiment was higher than previous work as listed in Fig. 2.2.

2.4.3

Multi-Cues Scenario

Distance perception is an outcome of a process that involves multiple factors.
These factors may include the ambient environment or background, field of view,
target size, target texture, target shape, target motion, the height the target is placed,
binocular or monocular vision. The effects of some of these factors have been fully
examined while others still remain unknown [23, 24, 28, 40, 41, 51].
In our daily life it is rare to face a single-cue situation (e.g., perceiving a point
light source in an all dark room with only one eye). In this study I did not seek to
limit the cues that may be involved in the distance perception task. This also avoids
complexity in the control of experiments as the number of combinations of cues is
enormous, so it is impossible to examine all possible cases. Further, cues may not be
integrated linearly into the overall perception process. For example, removing some
cues may not significantly shift the result, but then removing just one more may lead
to a catastrophic or very abrupt change [28, 52]. For these reasons, in this study I
investigate perception in the case of ‘full-cues’ (or ‘multi-cues’) situation. Here, I
refer to perception cues involving distance. I do, as mentioned below, seek to isolate
perception from motion related tasks.
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2.4.4

Experimental Procedure

Participants were asked to estimate the egocentric distance of the stimulus and
control the participant-positioned object to the same egocentric distance position.
Participants were asked to maintain their head position (location) during the experiment, but they could turn (rotate) their heads toward the stimulus target or toward
the participant-positioned object, but needed to keep the center of the head at the
same position. They were told that it is forbidden to look at both the stimulus and the
participant-positioned object at the same time. This was said to avoid the case that
participants just aligned two objects in the field of view. They were allowed to check
the distance to the stimulus as many times as they wanted, so they did not need to
memorize the distance they perceived. This implies that what I measured is a merged
result which came from multiple observations instead of an one-shot measurement.
Once the subjects reported they had finished the task, the difference (error) between the stimulus distance and the participant-positioned object’s distance were
recorded. The position of the stimulus was randomly changed every time and the
process was repeated 35 times for each participant. The procedure usually took
about 30 minutes.

2.5

Results and Discussion
I conducted distance-matching experiments and gathered data from all subjects.

Figure 2.4 shows a scatter of all distance perception error data with respect to the
physical distance of the stimulus. Ignored raw data in further analysis are also indicated in the figure. Further, there is a somewhat noticeable change in the mean value
and spread of data as the physical distance increases.
There were two kinds of raw data I ignored: The data that arose from the setup
distance of the stimulus being more than 75 inches (1.91 m) were ignored, since I
found that participants tended to use the end of the rail as a reference even though I
asked them to ignore that information. (Some participants admitted that they could
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not help but use the reference point after the experiment.) There is a clear change
in the trend of the points near 75 inches (1.91 m) in the figure, where the error
range begins to decrease significantly. Also, according to literature I expect that the
trend of the constant error in this range would be monotonically increasing [6, 7].
I fit the error data with a second-order polynomial, and identified that a turning
point was at 75 inches (1.91 m). Another data type I ignored was outlier behavior
of each participant. I observed that some participants could not keep full attention
on the experimental task all the time and may exhibit low patience in controlling the
moving object. Therefore, I examined each participant’s data and rejected outliers
by Chauvenet’s criterion with Dmax = 2 [53].
As a first analysis of the raw data, I investigate the type of distribution which
the raw error data has. To investigate the distribution of error for a given physical
distance, instead of grouping data by subjects, data were grouped by the setup distance. The data was grouped together in relatively small 5-inch distance intervals
over the total physical distance range from 37.5 to 72.5 inches. Figure 2.5 shows the
histogram of the error of each group. The distribution of distance perception errors
in every group was identified as a normal distribution by the Anderson-Darling test,
AD test.
Next I calculate and investigate the trend of constant error (mean of the perception errors) and variable error (standard deviation). In Fig. 2.6(a) and Fig. 2.6(b),
the constant errors (mean) and variable errors (standard deviation) of each selected
physical distance range are displayed. Second order fitting curves of means and standard deviations are also shown in the figures: −0.02D2 +0.14D −0.11 for the constant
error (R2 = 0.96), and −0.04D2 + 0.16D − 0.07 for the variable error (R2 = 0.81),
where D indicates the physical distance.
The constant errors (means) are found to increase with increasing physical distance. This increase appears close to linear, though is better explained with a 2nd
degree polynomial. The variable errors (standard deviations) are also found to increase with increasing physical distance. This agrees with the subjects’ self-report
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results. Eighteen participants out of 22 clearly stated that they felt it was harder
to perceive further stimulus. The result agrees with other related studies [6, 7, 26].
The slope of the variable error fitting curve decreases with distance, and this implies that the variable errors may not increase rapidly. These results may agree with
other studies that reported human subjects can accurately perceive distance in longer
ranges [24, 26, 28].
Figure 2.7 shows a comparison of our new experimental results and the models I
reviewed earlier. There are three models considered here: The power function with
n = 0.9 and n = 1.05, the Gilinsky model which relates to the maximum perceived
range with A = 100 meters, and the the model from Foley’s 1989 study [17, 23, 33].
Figure 2.7(a) shows that the prediction of some of the models over a short distance
range is approximately correct. Of these models, the power law model with n = 1.05
appears to best approximate the results of our study. Figure 2.7(b) clearly shows
a constant error tendency. Consistent with Fig. 2.8(b), all but the n = 1.05 model
shows a turning tendency, where the errors are positive for short distance ranges,
but then will eventually become negative for long distance ranges. The difference
between the models is where this turning point occurs. For some of the models, the
turning point is predicted much sooner, whereas the regression model that best fits
our experimental data does not turn until approximately 7 meters.
To provide analysis in the context of previous studies I plot the results of this
near-body distance matching experiment along with other ‘as-is’ distance-matching
studies. Figure 2.8(a) shows that our results are consistent with other ‘as-is’ distance matching experiments [6, 7]. The constant errors of the current and previous
experiments are plotted in Fig. 2.8(b). All data from these three ‘as-is’ distance
matching experiments fits well along one continuous inverted ‘U’ shape, including
our experiment. It suggests that our study follows similar principles and can be
modeled using the same curve as the other experiments, even though they cover different distance ranges. Also plotted in Fig. 2.8(b) is a 3rd degree polynomial fitting
curve predicts the constant error for all three matching experiments (Constant error:
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0.0003D3 − 0.02D2 + 0.3517D − 0.398 , R2 = 0.97). The inverted ‘U’ shape trend in
Fig. 2.8(b) indicates that the constant error will become negative for larger distances.
In other words, the perceived distance is overestimated in the shorter range, then underestimated in the longer range. The result is similar to the study of Loomis et al.
and Foley in that the perception result may differ in short and long ranges [27,33]. It
also implies that the constant error in a mid range (∼ 25 m) is close to zero. For this
distance people may have the best mean accuracy of egocentric distance perception.
The ‘U’-shape trend in constant error shown here over this large range of distances
is inconsistent with the prediction of the power law model.
The 2nd degree polynomial regression curves that fit the constant error and the
variable error serve as a mathematical model of human distance perception errors.
Along with knowing that the error is normally distributed, these functions can be used
to create a complete probability density function that can predict the probability of
an error for any physical distance in the range I tested:
f (d|D) = √

1
2πσd (D)2

exp

−

(d−µd (D))2
2σd (D)2

,

(2.3)

where d is the perceived distance, D is the physical distance, µd (D) is the constant
error (mean) of perceived distances, and σd (D) is the variable error (standard deviation) of the perceived distances which were generated with the regression functions:
µd (D) = −0.02D2 + 0.14D − 0.11 ,

(2.4)

σd (D) = −0.04D2 + 0.16D − 0.07 .

(2.5)

Figure 2.9(a) shows the distribution of perception errors predicted by a probabilistic density function using the regression functions I found for constant and variable
error. Such probability information can provide guidelines and predictions for designers that want to understand and design for possible interactions between humans,
objects, or the built environment.
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2.6

Summary
I conducted a human subject experiment to determine the error behaviors of

egocentric distance perception in a near-body range of approximately one to two
meters. I used a distance-matching experimental method that includes primarily
visual perception behavior and does not include significant speech or motor behavior.
I also developed a predictive model distance perception errors, for which I needed
to experimentally determine the key statistical properties of distribution type, constant error (mean), and variable error (standard deviation), and model how these
depend on physical distance. The distribution type of the perception error was determined to be normal for all physical distances tested. Mathematical models, or
functions, of the constant and variable errors of distance perception were determined
as functions of the physical distance. I found that while both linear or power law
models could provide reasonable approximations of the constant and variable errors
for physical distances in the near-body range, 2nd degree polynomials provided a
more accurate fit.
The results of the experiment also show an overall consistency with the results
of similar distance matching experiments over different distance ranges [6, 7], and
helps fill an existing gap for which experimental data was not available. For a larger
physical distance range for which experimental data is available, from 1 – 30 m, a
3rd degree polynomial model of the constant (mean) perception error as a function
of physical distance was developed. The results of this study suggest that humans
maintain reasonably good accuracy of distance perception over the near-body distances studied here. This could be due, at least in part, to the importance of such
near-body distances to human observation, interaction, and navigation abilities over
this distance range. For the error that does exist in the near-body range, humans
tend to overestimate distance within this range. This raises an interesting question of
whether it might be more effective for humans to overshoot our distance estimation
when interacting in this range, as opposed to under-estimating.
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Overall, the experimental results and mathematical modeling presented in this
paper provides new knowledge and a predictive model of the probability of perception
error over the near-body distance range. This work yields a model of uncertainty of
distance perception that could help engineers or researchers evaluate and predict likely
perceptions in a given environment. Further, such a perception uncertainty model
could be used with other sensori-motor models towards predicting more complex and
integrated human behaviors. Such models could have a range of applications including
the design of environments, assistive technologies, human-machine interaction, and
bio-inspired robots.
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3. ERRORS IN PERCEIVING DIRECTION TO NEARBY OBJECTS
3.1

Introduction
Sensing of spatial information is a fundamental ability to understand the relation

between oneself and the physical environment [27]. A natural way for humans to
describe the spatial information (e.g., surrounding objects) is indicating the distance
and direction in a polar coordinate system, in which the origin is at the ego-center of
a perceiver and the reference axis is his/her axis of orientation [54]. The egocentric
distance and direction (bearing) are the primitives of the egocentric representation.
The representation is used in the situations that are directly related to the perceiver’s
own body, such as grasping, pointing, and walking toward a target [55].
Among several characteristics of spatial perception, I am interested in the uncertainty of the direction perception in this study. The uncertainty of the perception
is the error involved in the perceptional result. It plays an important role in the
perceptual-motor calibration [35, 43, 56] and thus needs to be examined. The goal of
this study was to establish an egocentric direction perception model on probabilistic
basis. The model systematically describes the uncertainty of the direction perception
to provide a probabilistic prediction, which has further use for modeling and prediction applications on ergonomic design and human-machine interaction studies. The
uncertainty behavior, such as constant and variable errors along with distribution
type as functions of the physical direction, were examined in direction perception for
the range 0–30 degrees at a distance of 1.9–2.4 m.
The structure of the uncertainty model is inspired by the field of Probabilistic
Robotics (PR). This probabilistic model structure has been demonstrated as an effective method to solve robots’ action and cognition problems [21, 22]. I expect that the
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human uncertainty model could be involved in describing human perceptual-motor
calibration behaviors, such as walking, throwing, and navigation.
The accuracy and the uncertainty behavior of direction perception have not been
fully studied. While some studies have examined the characteristics and factors of human direction perception [57–62], there are three main obstacles that impede the use
of existing literature for modeling. First, there are noticeable discrepancies between
results from the existing literature. The experimental results varied with experimental
methods and scenarios. Second, in the current literature, the uncertainty distribution
types and parameters of the direction perception have not been fully discovered and
described. Third, the experimental ranges and resolutions of the current literature
are also not sufficient to establish a probabilistic model.
To develop an uncertainty model of human direction perception that can describe
human daily activities, a direction matching method was adopted from a distance
perception matching experiment [7]. The experimental design with the direction
matching method eliminated or minimized several known issues, such as motion error,
memory, and eccentric reference system issues. Furthermore, the proposed experiments focused on the uncertain outcomes of the direction perception and included
sufficient information of error behaviors to create a detailed probabilistic model in
the highest resolution as compared with the existing literature.
In the following sections, a review and analysis of existing literature that has reported errors in human direction perception is provided. Then, the model structure is
introduced. The direction matching experiment are shown in the remaining sections.

3.2

Background
Some studies have addressed the human performance and characteristic of the

direction perception, but a systematic model of the uncertainty behavior of direction
perception is still not valid. A probabilistic based model will be introduced, and a
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brief review of the direction perception studies with our probabilistic architecture will
also be addressed in this section.

3.2.1

Uncertainty Distribution Model

The model in this study is aimed to systematically and parametrically describe
the uncertainty of human direction perception. Uncertainty is inevitable in any measurement/perception. For an assigned stimulus, a single perceived result of a certain
property of the stimulus from an observer could be regarded as a sample of all possible outcomes. All possible outcomes constitute a distribution of the perceptional
uncertainty of the observer regarding to the stimulus. The property of the stimulus
in this study is the egocentric direction, and the uncertainty distribution represent
the possible error of human perception of the direction. To model the change of the
uncertainty distribution with physical direction from the experimental data is the
main objective of this study.
Probabilistic error model, which is commonly used in Probabilistic Robotics (PR)
to describe the uncertainty of the behavior model, was applied to this research [22].
The probabilistic structure is able to provide a useful framework in a more complex
interaction case such as visual-motor calibration, localization, and navigation that
might be of interest in future work. It has been demonstrated that the probabilistic
framework for describing robots’ behaviors is an effective way to solve mobile robot
problems in PR field [21, 22]. Following this approach, an error model for human
perception will be developed.
The error distribution could be in a form of probability density function (PDF).
PDF is a function, whose value at any given sample in the sample space can be
interpreted as providing a relative likelihood that the value of the random variable
would equal that sample [63]. A PDF of a given perception stimulus can be used to
describe the quantity and the frequency of the perception error behavior. For example,
one perceiver is perceiving a stimulus in 30 degree left (θ = 30), a corresponding PDF,
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f (θ = 30), would predict the information about the mean bias and the error range of
this perception.
To describe the PDF of human direction perception, the distribution type, the
statistical parameters of distributions, and how they change with stimuli input were
needed. The first measure of interest is the mean bias of the distribution and the
constant error. The second measure of interest is the range of the distribution and
the variable error. The constant error and variable error of the direction perception
outcomes are not totally random [62, 64]. Those errors typically correspond to the
physical property of the stimulus and follow some patterns. Therefore, regression
models of the constant and variable errors versus physical direction were considered.
In this kind of model, the error behavior of the outcomes is the primary focus.
Neither the physical or biological mechanisms of the perception process nor how
the errors are generated and transmitted within the internal perception process are
considered.

3.2.2 Related Works
As Gibson mentioned in his book, “Looking around and getting around do not fit
into the standard idea of what visual perception is” (Gibson p. xiv ) [65]. Because
humans tend to look at an object to locate it, the direction perception in our daily life
is in a ‘full-cues situation’, which means that people can use all kind of possible clues
to perceive the object. This means the process not only involve pure perceptional
tasks, but also involve some perceptual-motor tasks. The uncertainties of all kinds of
movements and senses are involved in this perception behavior.
In the scope of neurology, specialized cells called head direction cells in the anterior
dorsal thalamic nucleus are critical to generate directional information for navigation.
The perceived information is based on multiple cues, such as retinal image, motor,
vestibular, and cognitive information [57,60,64,66–70]. Motor cues include voluntary
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and involuntary eye movement [64, 70, 71], head movement [64, 72], and whole body
movement [70, 73].
Some studies have examined the effects of cues experimentally. In this study, I
did not examine the effects of isolated cues, but investigated the direction perception
in the ‘full-cues’ or ‘multi-cues’ situation. In other words, I did not limit the cues and
approaches that participants may use. I examined the human direction perception
ability in a near-natural scenario, in order to estimate their behavior in their daily
life.

3.2.3

Multiple Experimental Methods with Varied Outcomes

The experimental methods have been found to affect the result of perceptional
studies significantly in distance perception studies [17]. Hence, the experimental
method is a critical factor for identifying the uncertainty of direction perception. I
categorized existing direction perception studies into four main groups: verbal, motion
related, pointer, and implicit distant matching.
Verbal: Verbal is the easiest method to quantify the direction perception ability.
Subjects are asked to describe the perceived direction with the compass bearing system [61, 62], the clock system [61], or an assigned scale [60]. This method is regarded
as an explicit method to access the target perception [62]. Verbal response results
showed high accuracy in some experiments [60, 61], but were systematically exaggerated in other experiments [62]. The description format also may affect the results.
Philebeck et al. tested three kinds of description formats, 0–360 degree format, 0–90
degree quadrant format, and clock face format. The experimental results showed
little coherence [61]. The resolution of verbal method may be limited by the chosen
description format. Untrained participants may not be able to use finer resolution
to complete the perception task. For instance, in the Philebeck et al. study, the
resolution was set as 5 degrees and 10 degrees.
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Motion Related:

Some studies used motion related action to quantify the direc-

tion perception. Actions include turning the head [60], pointing with an object [59],
or pointing with finger [57, 58]. These studies used motions without visual feedback
(visually block the motion parts, or remove target) to indicate the perceived direction.
The motion types and measurement methods have been shown to significantly affect
human perception studies [26,27,43]. Figure 3.1 shows results of motion-related direction perception experiments. Constant errors of these experiments vary significantly.
I argue that motion behaviors introduce additional factors and noises from the motions into the quantified error. These will be difficult to control in a motion-related
experiment, which will result in difficulty modeling the uncertainty perception.
Pointer/Indicator:

Some studies used an eccentric pointer method to measure the

perceived direction. They used a clock-like round dial with an indicator. The center
of the dial was usually eccentric to the center of the observer. The direction of the
indicator is used to represent the perceived direction. Observers turn the dial on the
indicator to the same direction [60–62]. The method is also regarded as an explicit
method [62]. However, it has been shown that the offset of the frames of reference
affected the result. The errors were reduced when the rotation center of the pointer
is closer to the egocenter of the observer [61]. Some studies used egocentric point
system to measure the perceived direction. In this experimental system, subjects do
not have vision of the pointer, or cannot see the stimulus and pointer at the same
time. These strategies were used to prevent the subject from directly aligning the
stimulus and the pointer. However, for the lack of vision case, the motion error cannot
be corrected by vision and may be included in the system. In another case, memory
was included as an additional factor [59].
Implicit Distant Matching:

The final method is an implicit method of distance

matching. Two kinds of distance perception were included in this method: egocentric and allocentric. The egocentric distance perception is the distance we perceive
between our self and an object. The allocentric distance perception is the distance
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we perceive between two objects. Li and Durgin 2016 proposed an experiment to use
the perceived allocentric distance between a first target, which was in front of the
observer, and a second target, which was in an oblique position of the first target,
to estimate the perceived direction of the second target. The allocentric distance between two targets was assessed with an egocentric distance matching task. The result
of this matching method was similar to a verbal experiment and an eccentric experiment [62]. The experimental scenario was closer to a full-cue scenario experiment
than the other studies. It reduced the factors such as memory, eccentric reference,
and motion, and did not limit the resolution. However, the implicit matching method
may include additional error from the allocentric distance perception and egocentric
distance perception, but this approach still provided a good assessment in a full-cue
condition.
Features to be Modeled: Figure 3.1 shows the summarized experimental result
of direction perception from the literature. Figure 3.1(b) shows one of our modeling
targets, the relationship between constant error and physical direction. The relationships are inconsistent between methods and studies. The experimental methods
significantly affected the result in the same study. Potential reasons for the differences of the tendencies of constant error include: 1) Different disturbances were from
motion, instrument, or cognition factors. 2) Constraints of cues were different in each
study. 3) Resolutions and ranges of these studies were not sufficient to capture the
detail of the tendency of error. Additionally, the information of variable errors and
distribution type were not provided in most studies.
Therefore, it was not suitable to use the current literature data to construct the
human direction perception uncertainty model. I accepted the principle of implicitly
matching method and conducted a more direct direction matching experiment based
on the matching method which were used in the distance perception study [7]. The
basic idea of the direct matching method is to ask subject to adjust a indicator to
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a position that has the same perceived property of the stimulus. The detail of the
experimental design was shown in the next section.

3.3

Approach
The experiment was used to measure the uncertainty behavior of subjects’azimuth

perception in the interactive range (1.9–2.4 m) [19]. The interactive range is the most
comfortable range one can easily interact with others and the surrounding environment [20].

3.3.1

Method

Subjects: Twenty-three young adult volunteers from the university community participated in the experiment (8 females and 12 males; age = 25.6±4.7). All had normal
or corrected-to-normal visual acuity. Subjects were paid $10 an hour, and the experiment lasted about half an hour. All participants signed informed consent forms
approved by the university institutional review board.
Apparatus and Procedure:

The experiment was held in a controlled indoor

space. The floor was covered with black paper to remove possible features or references on the floor. Fig. 3.2 shows the arrangement of the azimuth direction perception
experiment setup.
Participants sat on a commonly available, commercial manual wheelchair that
was immobilized during the experiment. The chair position and facing direction were
maintained throughout the experiment. The wheelchair functioned as a usual chair
in this study. The reason for using a wheelchair instead of a regular chair is to use it
as a control factor in future studies on wheelchair use.
Two parallel rails were placed in front of the chair, the far rail was used to present
the stimulus while the near rail was used to present the indicator. The stimulus for
this study was a yellow luminous rectangle (150 mm ×45 mm). The stimulus was
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Figure 3.1. A comparison of experimental results of the directional
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three experiments of Philebeck, 2008 are beyond the interesting range
of this study, so the rest of the data are not depicted in these figures.
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presented on the ground level. The stimulus position was moved on a linear rail and
controlled by a researcher. The position of the stimulus was assigned randomly with
a random number generator from each run to represent different azimuth directions
between 0° to 30°.
A motor driven indicator, which was similar to the stimulus, was on the other
rail. The position of this indicator along the rail could be remotely controlled by
participants. Position of the indicator was recorded by computer and translated to
directional angle automatically.
Participants viewed a stimulus on the left side of the far rail, and were instructed
to remotely move the indicator on another rail to the right, so that the angles to
the stimulus and matching indicator were the same. For example, if the stimulus
was 20 degrees to the left, they were instructed to move the object to the right until
it was at a similar angle as the stimulus. The participant was allowed to observe
the stimulus several times if they needed. They could also adjust the position of
the indicator as long as they wanted. The eccentric issues [61] were avoided in our
method by setting the reference of the indicator, which was used to represent the
perceived direction, and the reference of the stimulus in the same egocentric frame. I
presented the indicator and the stimulus in the opposite direction. This setup allowed
the subject to concurrently perceive the stimulus and the indicator, so participants
did not need to memorize the perceived information to complete the task [59]. The
indicator with remote control device was used to reduce the motion control issues [64],
and to increase the resolution. The resolution of input (stimulus) was about 0.5
degree, and the resolution of output (subject controlled response) was < 0.2 degree.
The expected variable error of human direction perception was about one degree.
According to signal detection theory, to compare with the uncertainty of the human
direction perception, the resolution was sufficient for this study.
To reduce the possibility that participants used allocentric distance along the rail
as clues to complete the task, the distances of the two rails from the subject were
different. In addition, the ends of the rails were misplaced from the facing direction
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to minimize the possibility that the ends positions were used as allocentric distance
references.
The instruction to participants were as follows: “You can see that there are two
rails in front of you. Our task involves two objects: a target/stimulus and an indicator.
The yellow rectangle on the far rail on your left side is your target. There is another
yellow rectangle on the near rail on your right side. We called it the indicator. You
can control the position of the indicator on the rail using the remote controller in
your hand. Your mission is to remotely move the indicator, so that the angles to the
target and the indicator are the same. You should note that the distances from you to
the two rails are different, the distances from the centerline to the yellow rectangles
are not useful information in this task. Please be focused on perceiving their direction
angles.”
Once the participant reported that they had finished the task, the directions of
stimulus and the indicator were recorded. The position of the stimulus was randomly
changed every time and the process was repeated 35 times for each participant.
Data Analysis: The direction error was calculated as the perceived direction (direction of the indicator) minus the physical direction (direction of the stimulus). The
errors were averaged for every 5 degree of range of the position of the stimulus.
The distribution type of each group was tested by Jarque-Bera test, JB test.
Mean (constant error) and standard deviation (variable error) of each group were also
calculated in order to build the predictive model of the uncertainty. The probability
density function (PDF) of the perception error of a given physical direction was
determined by examining the change of constant and variable errors.

3.3.2

Results and Discussion

Before the results are reported, I briefly discuss a potential source of errors—the
use of linear rails to quantify angular perception.
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Figure 3.2. The azimuth direction perception experimental field layout. The researcher moved the stimulus position and the participant used a remote control to move the indicator so that the angles
matched.
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Possible Distance Matching Issue:

Since linear rails were used instead of curved

rails due to availability and cost, it was possible that participants might have accomplished the task by either matching the azimuth direction angles, or matching the
allocentric distances from stimulus to the imaginary centerline (see Fig. 3.3). Allocentric distance is the linear distance between objects perceived by an observer.
Although participants have been instructed to focus on matching the azimuth direction angles, there might still be participants matching distances, which would bias the
experimental data. Therefore, I inspected the experimental data for the possibility
of distance matching.
Figure 3.4 shows the relation between linear distances of the stimulus and the
indicator to the imaginary center line. If the participants directly matched the perceived allocentric linear distances of two targets, the slope would be close to 1. If
participants matched the perceived egocentric direction angles, the slope would be
0.79 according to the direction of the stimulus and the indicator to subject. According to the literature, the observers tend to overestimate the perceived direction in
the study range [59, 62, 64]. Therefore, the ‘expected’ slope of the experiment would
be greater than the ideal value, 0.79, but remain lesser than the slope of the ideal
distance matching, 1. The linear regression line of this experiment was 0.88, which
meets the expected slop range of direction matching.
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Possible Effect of Non-constant Egocentric Distance:

Another possible is-

sue may come from the egocentric distances of the stimulus and indicator were not
constant during the direction changing. It may include error in the direction perception. The egocentric distant change in the experimental range for the stimulus is
16% (1.91–2.20 m), and for the indicator is 15% (2.41–2.78 m). According to literature, the perceived direction may affected by the egocentric distance, but the effect is
minor. The effect of egocentric distance change is barely distinguishable in the case
that the distance change is 200% (5–15 m) [62]. Therefore, I argue that the effect of
the egocentric distance change was able to be neglected in this study.
Predictive Model of the Uncertainty of Direction Perception: Figure 3.5
shows the error as a function of physical direction for each trial. Errors increased with
increasing stimulus direction angle, and the error range expanded. The error range is
in the ±10 degrees range. The percentage error (Error/Input) of azimuth direction
perception is larger than that for distance perception in the literature [6, 7]. By
examining the extreme case of each stimulus input, the percentage error of distance
perception in the literature was between 5%–15% while, and the percentage error
of azimuth direction perception was between 11%–132%. This result is consistent
with the idea that humans are less precise at azimuth direction perception. This
result showed the same phenomena as described by Foley. Foley suggested that the
perceived visual field in the horizontal direction was stretched or biased [45].
By applying the Jarque-Bera test on each grouped data set, four of six data sets
were identified as normally distributed (p < 0.05). The remaining two distributions
were not normally distributed, but showed a form similar to a skewed normal distribution. Figure 3.6 shows the histogram of the error of each group.
Figures 3.7(a) and 3.7(b) show the second order regression of constant error (mean)
and variable error (standard deviation). The constant error of azimuth direction
perception monotonously increases with the angle of the experimentally controlled

45

15

I x Outlier !
X

10

X

D

Q)
~

5

0

Ol

a,

0

D

□

o
Do o
□

O

D

O

6

□° x

o '
O

~~X

0

e

O

X

o◊

>-

0

UJ

o

·

-

o

0

D
00

®B

~o

-5

X

□~

~~
0

8

◊

~

D

~ a

0

◊

D

x□◊

□°

X

D

~

0

8 6i:i~p~ @ ,

O

@

~~
x

□ox □

D

O D

ox°

D

D
D

D

-10

oX

D

~~~!~

~

g

iii
D

Do

0

10

5

15

20

25

30

35

Physical Direction (degree)

Figure 3.5. Azimuth direction perception error of all subjects. Different colors of dots indicate the data from different subject. × markers
(24/516) indicates outliers of each subject and were removed.

50

50

50

40

::R.

~

>.

u
C

a,

:::;
0-

a,
>LL

50

10°

40

30

30

30

20

20

20

10

10

10

0
-20

0

20

50

0
-20

0

20

50

20°
*

40
30

0
-20

25°

40

20

30

20

20

10

10

10
0

20

30°

40

30

20

0

50

20

0

15°
*

40

0

20

Error (degree)

Figure 3.6. The histogram of each grouped data set of different physical degree range. Top row from right to left: data sets of 5 degrees,
10 degrees, and 15 degrees. Bottom row: data sets of 20 degrees, 25
degrees, and 30 degrees. *The 15 degree and 20 degree data were
not normally distributed. The remaining plots demonstrate normal
distribution. The bin number of each histogram was automatically
generated by the optimization algorithm of the MATLAB© histogram
function.

46

Error
I
I- -◊-- - Constant
Regression model of constant error

2.5
Q)
~

Ol

a>

◊

2
◊

20

t: 1.5

w

cell

U)
C

0

0

◊
◊

0.5

◊

o~--~---~--~---~--~---~--~
0
5
10
15
20
25
30
35

Physical Direction (degree)

(a)
6
◊

Variable Error

- - - - · Regression model of variable error

5

,
, ,
, ,

,

, 0-,

,
, ,

, ,

,

~---

,
, ,

, ,

,

,

,
, ,
, ,

9-,, ,
,

,

, ,

,-0

◊

0

0

0

5

10

15
20
Physical (degree)

25

30

35

(b)

Figure 3.7. (a) Second order regression of constant error of direction
perception. (b) Second order regression of variable error of direction
perception.

47
stimulus. The variable error regression curve also increases with the stimulus angle,
but the slope slightly decreased.
Regression curves fitting (Fig. 3.7(a) and Fig. 3.7(b)) were used for both the
constant error and the variable error as a model for human perception of error. These
fitting functions can be used to generate distribution parameters: I obtained the
mean and standard deviation from these fitting curves, and determine error PDFs
in the range of direction used in our model. Empirical formulas of regression fitting
curve of the constant is: µθ (Θ) = 0.001Θ2 + 0.036Θ − 0.15 (in degree)(R2 = 0.81),
which is very close to a linear model. The formula of variable error is: σθ (Θ) =
−0.001Θ2 + 0.125Θ + 1.41 (R2 = 0.98). Where Θ is the physical direction angle and
θ is the perceived direction angle. Along with knowing that the error is normally
distributed, these functions can be used to create a complete probability density
function that can predict the probability of an error for any physical direction in the
range I tested:
f (θ|Θ) = √

1
2πσθ (Θ)2

−

exp

(θ−µθ (Θ))2
2σ(Θ)2

,

(3.1)

Figure 3.8 shows the probability distribution of direction perception error which is
generated from the regression model. This figure demonstrates not only the quantity
of the perceived error of a given physical direction, but also the probability of the error.
It describes how frequently a certain amount of error may happen. The probability
information provides a guideline for the designer to predict the possible interaction
between user and the design artifact based on what she/he perceived.

3.4

Summary
I conducted a human subject experiment to examine the basic properties of error

behaviors of direction perception. A systematic description of the constant error,
variable error and the error distribution type in azimuth perception for the range 0–
30 degrees at a distance of 1.9–2.4 m have been established with the highest resolution
compare to literature.
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The experimental method utilized spatial perception behavior that does not include significant motor control behavior or speech process. The effect of memory
and an eccentric reference system were also minimized. This approach provided an
accurate probabilistic prediction, which has further use for modeling and prediction
applications on ergonomic design and human-machine interaction studies.
In compare with the literature, the experimental result showed that human azimuth direction perception error was significantly larger than distance perception in
the interactive range (in terms of percentage). Subjects tended to overestimate the
angle between the target and the forward direction. The tendency of variable errors
suggests a possibility that humans may have multiple natural references for azimuth
direction perception (e.g., front, side, half side...). Further study is needed to determine if multiple azimuth direction references are used and to reveal what the sources
of these references are.
Empirical formulas of the constant and variable errors of direction perception abilities were also determined. These formulas predict the uncertainty model parameters
for a given distance within the range measured in our experiments. Such models
could have a range of applications from the design of environments and assistive
technologies to human-machine interaction, and bio-inspired robots.
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4. UNCERTAINTY OF WHEELCHAIR USERS’ INTEGRATED LOCOMOTION:
ONE-STEP LOCOMOTION
4.1

Introduction
This chapter investigates the error behavior of manual wheelchair user (MWU)

locomotion. Locomotion is among the most fundamental human motion skills [43,74],
and relies on an integrated perceptual-motor calibration process [43, 75]. Humans
perceive information from the environment and themselves to achieve motor control
of locomotion [56, 76]. Most people have mastered this perceptual-motor skill early
in life [74], and may adapt the skill to further types of locomotion such as wheelchair
locomotion [77].
Mobility of wheelchair users is a key index of wellness [78]. All kinds of motionassistive devices like wheelchairs constrain the users’ degrees of freedom. For instance,
a common commercial wheelchair cannot move in lateral directions. It limits the possible locomotion strategy and likely increases the difficulty of movement. Therefore,
even a seemingly trivial spatial obstacle to some people could be an insurmountable
obstacle for many wheelchair users [79]. The Wheelchair Skills Test (WST) is a wellestablished test for clinical use as a measure of the skill of using manual wheelchairs,
power wheelchairs, and scooters [80–82]. For a typical manual wheelchair user, 20 of
32 wheelchair skills tests are related to locomotion or locomotion resistances, such as
gaps, thresholds, or inclines [83].
Instead of examining properties like kinematics and dynamics of wheelchair locomotion, which most current literature focuses on [84–87], this study investigates the
error behavior of wheelchair locomotion. The statistical error behavior of locomotion
is an important factor for understanding and predicting the performance of human
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locomotion [35, 43, 88]. To our knowledge, this is the first study to systematically
investigate the error behavior of MWU locomotion.
In this chapter, the locomotion error behavior of ‘straight-line’ wheelchair movement is investigated over short displacements similar to a human taking one to two
footsteps, or approximately 0.6 to 1.4 meters. Further, the errors of basic wheelchair
‘turning-in-place’ movement is investigated, involving up to a 40 degree rotation.
These experiments represent everyday basic movements that can also comprise more
complex locomotion and could provide a basis for understanding and predicting errors
of general wheelchair locomotion.
Based on the human subject population investigated here, a probabilistic model is
developed for the constant and variable errors of locomotion behavior in a near-body
space, along with the type of error distribution. Other aspects of the locomotion
behavior, like the exact kinematics of the path taken or the time spent were not
investigated here. Only the final poses of the locomotion process are measured and
included in a probabilistic descriptive model.
This study is relevant for a large and important population that uses wheelchairs,
and may also be relevant for others who operate wheeled vehicles over short distances,
like in dense urban or indoor areas. In 2014, 13.1% of adults in the U.S. had a mobility disability that might require a wheelchair on a daily basis [89]. According to an
estimation made by the World Health Organization, there are more than 65 million
people in the world that need a wheelchair [90]. Greater knowledge of the errors involved with wheelchair locomotion would be useful to evaluate accessibility or to gain
efficiency and safety when designing assistive devices and accessible environments.

4.2

Background
Locomotion is a task which involves both perceptions and movement. Since all

perceptions and movements include errors and are uncertain in nature [91, 92], the
uncertainty of locomotion arises from both kinds of uncertainties [35, 43, 44, 92, 93].
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Perceived spatial information of an object like distance and direction, are based
on several cues, such as the target motion, the height the target is placed, binocular
vision, or monocular vision [23, 24, 28, 40, 41, 51]. The different result from different
cues are integrated and become the overall spatial perception [94–97].
On the other hand, the uncertainty of human movement involves the feedback
controlled mechanism of muscles-skeletal system. There are two main sources of self
motion feedback. The first is the internal driven signal, including vestibular sensing
and proprioception. The second is exteroceptive and mainly provided by vision, or
called the ‘optical flow’ [91, 98]. The optical flow is the pattern change of ambient
light as sensed by the eyes while a person is moving [99]. It provides information like
angular and linear velocity of the person [27]. The uncertain performance of locomotion depends on performance of proprioception, calibration of movements, optical
flow, and a working memory that can keep up-to-date with changes of the relative
position between oneself and the target. Uncertainty could result from any or all of
these components [26, 98, 100].

4.3

Approach
To determine human locomotion errors and in order to produce a locomotion

error model, two locomotion experiments were designed inspired by everyday manual
wheelchair locomotion. The first experiment seeks to determine the errors of linear
(straight-line) locomotion and the second experiment seeks to determine the errors of
angular (turning-in-place) locomotion.

4.3.1

One-step Range

In this study I seek to determine locomotion errors over short distance ranges,
both for understanding locomotion in small spaces like indoor rooms or hallways, but
also because it could be used to represent and model a basic unit of locomotion that is
consistent with the stepping frequency of motor control, and corresponding distances
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humans use for legged locomotion. The distance covered in a single footstep is about
0.7 meters for an adult while walking [101]. According to pilot studies, if participants
were asked to move ‘a step’ without any other specific instructions, they moved their
wheelchair approximately 60 inches (59±5.1, 1.5m±0.13m) . It is about the distance
of two walking footsteps (or one gait cycle). In keeping with short distances ranging
from one to two footsteps, in this study human subjects are asked to move physical
distances ranging between 0.6 and 1.4 m.

4.3.2

Polar Coordinate

Egocentric representation is one of the nature and effective way for humans to
describe the surrounding environment. Two basic perception, egocentric distance
perception and egocentric direction perception can form a polar coordinate of the
environment [54, 55]. Correspondingly, two kinds of simple locomotion which are
follow the same coordinate as egocentric perception, linear (straight line) and angular
locomotion, were used as bases to describe a general locomotion behavior in the polar
coordinate system for human subject in this study.

4.4

Experiment 1: Manual Wheelchair Linear Locomotion
The first experiment presented in this chapter determines the errors of linear

(straight-line) locomotion over a short displacement, relevant for movement in small
spaces.

4.4.1

Method

Some previous experimental methodology may apply here: some perception experiments that used locomotion to estimate the perception of distance could apply to
this study. More specifically, one of the most likely existing methods to be applied
is called ‘walking-without-vision’ [6, 7, 23, 26, 48]. In this method, participants were
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asked to perceived a stimulus, remembered the distance they perceived, and while
blindfolded walked toward the target without vision. The task is very similar to
the locomotion task I defined in this study. However, in this task, the participants
need to walk without vision (or optical flow) and rely only on feedback of internal
driven signal, which increases uncertainty in the system [26]. The blindfolded walking
condition may increase mental stress and may affect the result.
Another method is called ‘bi(tri)section’ [6, 23, 26, 47, 48]. In bi(tri)section perception experiments, participants observed a stimulus at an assigned distance, and
controlled an indicator to the judged bisect (or trisect) location (the location which
was perceived to be half (or a third) of the stimulus distance) of the stimulus to
represent what they had perceived.
In this experiment, a similar setup was used as the bisection experiment, but
participants were asked to move themselves straight forward to the location which
the distance was half the distance of the stimulus they had perceived. As the ‘onestep’ which was defined in Sec. 4.3.1, the participants were expected to move on to
the bisect location with one movement. This kind of experimental method has the
advantage that the subject can use both optical flow and internal sense of self motion
in order to estimate the distance moved, even if the target of motion is not visible.
This scenario is closer to a real-life scenario one moves relative to a spot that may
not be clearly marked or might be visually obstructed by the wheelchair (or a small
wheeled vehicle or car).
The reason that participants were asked to move to the bisection position instead
of the stimulus position, is to avoid the task becoming an ‘alignment task’. Both
the walking-without-vision task and the bisection task, were designed to avoid participants directly matching the locomotion distance with perceived distance. The
walking-without-vision task blocked the vision of the stimulus by blocking all vision,
and the bisection task kept the stimulus at a distance.
It is helpful to note that compared with locomotion, an alignment task is a local
behavior and is not related to the global locomotion behavior. For example, if I asked
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a person to move to a position of a stimulus a distance D (in order to align to the
stimulus), no matter how large D is, the alignment behavior only happens nearby
the stimulus (D ± ε), assuming there is some visual feedback that can be used for
alignment. The uncertainty of an alignment task is not expected to be related to the
distance D. For instance, the uncertainty of someone crossing a classroom to align
on a small tile is expected to be similar to the uncertainty of one walking one meter
to align on the same tile.
Participants: Twenty-four young volunteers were recruited in this study. All of
them participated in both experiments. All of them did not have long-term wheelchair
experience before they participated in these studies. Twenty-two participants finished
this experiment (8 females and 14 males; age = 25.5±4.8). The study was approved by
the university institutional review board. All participants provided informed consent
forms.
Apparatus:

Participants sat in a commercial manual wheelchair. I adjusted the

wheelchair for each participant for their comfort. The experimental field was in an
indoor laboratory. The testing floor was all covered with black sheets to prevent
participants from perceiving undesired visual references. Figure 4.1 shows the layout
of the linear locomotion experiment. I used a motorized moving platform to change
and record the stimulus position. The platform could move along the rail. The rail
was aligned with participants’ facing direction and was put on the ground level. The
rail would not interfere with the motion of the wheelchair. The reason I set the
stimulus on the ground level, rather than eye level is based on two reasons.
The first reason is that studies show that the distance one perceives is a distance
between the target and the observer’s egocentric projection on the ground. It is
not a direct distance between the target and eyes. The second reason is because
the experiment were set up in a full-cues condition, which means I did not limit any
possible cue for perception. Having an angular elevation while the ground level object
is moving is an important cue of distance perception [26, 27, 35, 41, 50].
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Figure 4.1. Linear locomotion experimental field layouts.

The stimulus was a yellow rectangle (150 mm ×45 mm) presented on the moving platform. I controlled the position of stimulus remotely and randomly between
distances of 1.2–2.8 m, which was related to the egocentric projection position of
participants. Given that human subjects were asked to judge the halfway (bisection)
point, then complete a movement to that point, the approximate expected range of
motion was 0.6–1.4 m.
Procedures: Each participant was guided for controlling the wheelchair and had
five minutes to practice two kinds of basic motions: linear (straight forward) and
angular (or ‘turn in the place’).
After practicing, the wheelchair and user were adjusted to a starting location and
aligned with the rail. Once the adjustment was finished, The stimulus was set to a
randomly assigned location, which generated by a computer. Participants were asked
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to estimate the egocentric distance of the target in front of them and to drive the
wheelchair straight forward to a bisection position which was supposed to be halfway
toward the stimulus. Final distance of the wheelchair and the distance of the stimulus
were recorded in every trial. The process repeated 30 times for each participant.
Here, the objective is to have human subjects perceive a assigned distance and
use the information as a control input for determining the locomotion distance and
errors.

4.4.2

Results and Discussion

Figure 4.2 shows the linear locomotion experimental data from all participants.
The error between the human subject’s location and the target is shown plotted
for different target distances. Where the target distance is half the distance to the
stimulus object. I assumed that the individual differences are minor and regarded all
data as one whole sample set. However, I found that one participant showed very
different behavior than the others. The data from this subject is randomly distributed
in the upper-right area of the figure. The data was kept, because there was no clear
reason for removing it. The overall errors ranged was about ±15 inches (±0.38m).
The change of error range respect to the target distance is unclear in this figure.
All data were grouped in five-inch intervals ranging from 22.5 to 52.5 inches (0.57–
1.33 m) to examine the error distribution shape of every group by the AndersonDarling test, AD test. Half of the groups showed a high possibility of having normal
distribution, while the other half showed skew normal distribution.
Figure 4.3(a) shows means (constant errors) and the Fig. 4.3(b) shows standard
deviations (variable errors) of every group, and their second order polynomial regression curves. The function of regression curve of constant error is: µd (D) =
0.17D2 − 0.18D − 0.09, R2 = 0.98 (in meter). The function of regression curve of
variable error is: σd (D) − 0.03D2 + 0.16D − 0.03, R2 = 0.84 (in meter). Where d is
the respond moving distance and, D is the assigned moving distance.
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Most constant errors of locomotion in these ranges are negative. This means that
participants tend to move shorter than they need.
The more the target distance increases, the smaller the absolute value of the
constant error is. It may be due to the fact that the participants needed to use surplus
force to start a wheelchair to overcome the initial resistance. The surplus force may
influence the control precision for the shorter distance range. Observations of the
subjects and subjects’ reports indicated that it was hard to control a wheelchair to
do fine adjustment. Once they had overcome the initial resistance, they had a better
idea about what amount they moved. This imprecise control may also be reflected in
the variable errors. The variable error decreases along with the absolute value of the
constant error also decreasing.
These results suggested an interesting consequence: that for a certain target distance, the mean of error will be zero. In this case, the zero error case would occur
for a target distance just above 55 inches (1.4m). This may be useful information to
consider when designing a wheelchair friendly space or device.

4.5

Experiment 2: Manual Wheelchair Angular Locomotion
The second experiment is designed to acquire the error distribution of angular

(turning-in-place) locomotion in the special case which includes one angular perception (orientation perception) and one angular motion (turning in place).

4.5.1

Method

The method of this experiment is similar to the linear (straight forward) locomotion experiment. Participants were asked to use angular ‘turn in place’ locomotion
to respond to what they perceived.
Participants: The same twenty-four physically active students participated in this
experiment. The order of these two experiment was randomly decided. Twenty-two
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participants finished this experiment (8 females and 14 males; age = 25.5±4.8). The
study was approved by the university institutional review board. All participants
provided informed consent forms.
Apparatus: Participants sat in the same commercial manual wheelchair I used in
the linear experiment. The experiment was held in the same lab area with the same
treatment. Figure 4.4 shows the layout of the angular locomotion experiment. I
used a motorized moving platform to change and record the stimulus position. The
platform can move along the rail which is in front of participant and perpendicular
to their initial facing direction on the ground level.

62
A yellow plastic rectangle was presented on the moving platform which was the
stimulus I used in this experiment. The stimulus was the same as I used in the
first experiment and the angular perception experiment previously. I controlled the
position of stimulus remotely between orientation 1 degree to 40 degrees which was
related to the initial facing orientation of participants.
Procedures: Each participant was taught to control the wheelchair and had five
minutes to practice two kinds of basic motions, linear (straight forward) and angular
(or ‘turn-in-the-place’).
After practicing, I adjusted the wheelchair to a start location and aligned it with
a reference line which could not be seen by the subjects. The stimulus was set to a
randomly assigned location. Participants were asked to estimate the orientation of the
stimulus and to turn in place toward an opposite direction with the same magnitude
they perceived. The purpose of asking participants to turn to the opposite direction
of the stimulus, was to avoid making the task an ‘alignment task’, based on similar
concerns as those for the linear locomotion experiment. Once a participant reported
he/she was done moving, I recorded the final facing orientation of the wheelchair
and the setup orientation of the stimulus. The process repeated 30 times for each
participant.

4.5.2 Results and Discussion
Figure 4.5 shows all data points of angular locomotion errors. The overall tendency
is clearer than the linear experiment. Most participants’ data show high consistency.
The errors tended to be on the negative side. The absolute error is decreasing with
the degree. The error ranges are increasing with the orientation and, the ranges are
from ±5 to ±10 degrees in the experiment.
I grouped data in five-degree intervals from 7.5 degrees to 32.5 degree. Every group
was identified as a normal distribution by the AD test. The means and standard
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deviations of groups and their second order fitting curves are shown in Fig. 4.6(a)
and Fig. 4.6(b).
The constant error of angular locomotion monotonically decreased while the target
directional angle increased. The percentage error was approximately ∼ 10% across
this range. The result reflects that the participants tended to stop turning before
they achieved the necessary target direction. In Ch. 3, I showed that the subjects
tended to overestimate the direction. Therefore, it is possible that the constant error
here may not come from the perception error, but may came from movement-related
issues.
The variable error of angular locomotion increased rapidly first with increasing
target angle, but then began to decrease or saturate after 30 degrees. The tendency
of the regression model here is very similar to the regression model of the direction
perception I discovered in Ch. 3. The function of regression curve of constant error is:
µθ (Θ) = 0.002Θ2 − 0.262Θ + 2.04, R2 = 0.93 (in degree). The function of regression
curve of variable error is: σθ (Θ) − 0.004Θ2 + 0.250Θ + 0.454, R2 = 0.86 (in degree).
Where θ is the respond turning angle, and Θ is the assigned turning angle.

4.6

Potential for the Generalization of Results
The manual wheelchair locomotion study presented here could serve as a simpli-

fied case of human locomotion. Compared with legged locomotion, wheeled motion
reduces the degree of freedom of locomotion from six (forward-backward, left-right,
up-down, roll, pitch, and yaw) to two (forward-back and yaw), and so provides a
simplified case of human locomotion. The comparison of the degrees of freedom of
legged locomotion and wheelchair locomotion is shown in Fig. 4.7.
Further, some studies have suggested that human locomotion may effectively approximate wheeled locomotion, which implies there may be shared general principles
governing both [102]. Even though human locomotion has more degrees of freedom, not all are fully utilized in practice beyond small oscillatory movements. For
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Figure 4.7. The degree of freedom (DoF) of two possible human locomotion models. The gray arrows indicate the possible DoF of the
model. Broad arrows indicate translates and the curved arrows indicate rotations. Note that all the DoF are referenced to the ego-center
of human (about one inch behind the center of two eyes), though
they are biased in the figure for clear representation. The left one
indicates the legged-based human locomotion model. The ego-center
has six full DoF in a 3D space. The right one is the wheelchair-based
model. According to the constraint of wheelchair, the only translate
freedom is along with wheels rotating direction, and the only chair’s
rotation freedom is yaw. Although it is possible for a subject to move
his/her head in pitch and roll rotation, subjects were asked to maintain their heading during the experiment to simplify the model onto
a 2D plane.

example, humans tend to not walk sideways and so mimic a wheel-like kinematic
constraint [102–104]. Further, the up-and-down, pitch, and roll motions of the trunk
during locomotion tend to remain small and oscillatory when compared to the forward
movement and yawing rotation along a path. Effectively, human locomotion kinematics may not be very different, though they retain the potential to be significantly
different.
The speeds of wheelchair locomotion are also similar to walking speeds, about
0.8–2.3 m/s for a manual wheelchair [85]. Therefore, the time-scale or frequency
of perceptions and motor control of wheelchair locomotion and legged-based human
locomotion would be similar. Therefore, a manual wheelchair study could also yield
new insights and understanding about the general case of human locomotion.
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4.7

Summary
In this study, I aimed to develop a model to describe the uncertainty of manual

wheelchair user locomotion. In order words, I examined how the uncertainty plays out
in an integrated processes of sensing and movement. The experiments were conducted
in the near-body range. In my knowledge, this is the first study to systematically
describe the statistical behavior of the manual wheelchair users locomotion.
Two human subject experiments were conducted to assess human basic locomotion behaviors, linear (straight-line) and angular (turn in the place) locomotion. The
fitting curve of mean bias (constant error) and error range (variable error) were established to predict the uncertainty and performance of the larger group of wheelchair
users locomotion.
By understanding the changing pattern of the constant and variable errors along
with the physical input, this information could be used to optimize the design of
wheelchair, assistive devices, and accessible environment. For example, the turning
angle of a pathway could be optimized to reduce the uncertainty of locomotion.
The experimental study provides a framework of modeling and higher level behavior. The isolated linear and angular locomotion would be used as bases to describe a
general planar locomotion. The ‘one-step’ setup would be extended into a more complex behavior like navigation. The uncertainty information of this integrated behavior
would also be used to discover the possible mechanism of integration of perception
and movement information.
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5. UNCERTAINTY OF MANUAL WHEELCHAIR USERS’ TARGET
LOCOMOTION: NAVIGATION
5.1

Introduction
This chapter investigates navigation, a target locomotion, over short distance

ranges, and is motivated by the common task of wheelchair users boarding an elevator or lift platform. Navigation is an integrated movement, involving internal
representation of both the target location and spatial position of the body [105].
Wheelchair users regularly navigate over short distances indoors or over challenging terrain in the outdoors. One common navigation task, both indoors and outdoors,
is for wheelchair users to move into an assigned small area, such as an elevator in
a building, or a lift platform to board a bus, car, or train. This kind of task is an
important behavior that significantly affects overall mobility of wheelchair users. It
is a key behavior for accessing public space and public transportation [106].
Most current manual wheelchair studies focused on kinetic and biomechanics performance of locomotion [85,107,107,108], or common wheelchair kinematics and user
behaviors. [88, 109, 110].
There are also a number of studies that describe the demographics of wheelchair
users, technical specifications of wheelchairs, and describe environments and technologies that play a role in accessibility and mobility. [111–118] However, it is currently
unknown what the specific motions or paths are for wheelchair users completing the
everyday task of boarding an elevator or lift. Though some studies examined manual
wheelchair user locomotion descriptively, the geometry characteristics and variability of the locomotion path remain unknown [115, 118, 119]. This study fills this gap
and provides new basic understanding of general manual wheelchair user locomotion
behavior.
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Here the objective is to determine the paths taken by manual wheelchair user
when moving into a small target area with a target orientation, that represents the
scenario of onboarding a lift or elevator. Specifically, the mean path and the variability (deviation) with respect to the mean path are determined for multiple starting
positions. This work is expected to yield greater understanding of the important
everyday behavior of boarding elevators, lifts, or moving through or into small areas.
Further, such knowledge could enable predictive simulations of wheelchair behavior.
Predictive simulation of wheelchair user behavior could enable human-wheelchair cooperation [120], sharing of the control load of the user [121], or improving autonomous
wheelchair control inspired by human-controlled motions. More realistic simulation
of wheelchair users [122, 123], can also be used to evaluate the accessibility of environments and designs.

5.2

Background

5.2.1

Wheelchair Mobility and Accessibility

Wheelchair mobility is one of the most important indexes of well-being of people
with disability [78]. In an interview study of mobility aids users in Brazil to figure
out the difficulties of daily activities, more than 50% of participants showed accessibility difficulties in public areas like supermarket, shops, parks, and transportation
system [124].
According to the standard of Americans with Disabilities Act (ADA), the smallest
clear floor or ground space for an accessible area of vehicle platform is 1220 × 760
mm (48 × 30 inch) and the minimum turning radius is 1524 mm (60 inch) [117].
The sizes of common commercial lift platforms is close to the ADA standards (width:
31–37 inches (787–940 mm), length: 46–54 inches (1170–1370 mm) [125]). Given that
the sizes of wheelchairs have been reported as increasing [106], the task of boarding
a platform may become more challenging.
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5.2.2

Manual Wheelchair Locomotion

A manual wheelchair usually is modeled as a differential drive vehicle [113]. It
means that the wheelchair can turn in place, and move toward most directions but side
directions. It is a nonholonomic model. Arechavaleta et al. examined human walking
locomotion and revealed that the walking navigation behavior also has nonholonomic
nature. It may be expected that these two kinds of human locomotion behavior share
some similar properties [102].
Tanimoto et al. proposed a highly simplified manual wheelchair user model, which
was used to evaluate the accessibility of an indoor environment. The model only
considered the turning radius and the possible occupied area on the floor of each
manual wheelchair user [115]. They demonstrated some locomotion path of manual wheelchair users with simple descriptions and images, but did not analyze the
path [118].
Koontz et al. experimentally tested the manual wheelchair users’ turning ability,
like a 90◦ Left-turn and U-turn, in different turning conditions based upon ADA
space standards. They identified the necessary space (road width) for different kinds
of turning motion. The range of the space needed to turn in different condition was
also presented. They also found that 16% of the subjects could not accomplish the
90◦ L-turn, and 10% of the subjects could not accomplish the U-turn [88]. However,
the detail of paths taken by manual wheelchair users were not reported.
There are potentially many different paths that could be taken for the scenario
of boarding an elevator/lift or small space, depending on what is optimized, or how
the human motor control system approaches the task. In path planning literature,
there are commonly used optimal approaches for the shortest time, lowest energy, or
minimal effort [126–132].
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5.2.3

Path Trajectories of Human Locomotion

Humans have been reported to demonstrate repeatable, predictable spatial patterns (stereotypy of locomotion) when performing goal-directed locomotion [103, 104,
133]. Where goal-directed (or goal-oriented) human locomotion means that there is
a clear target or goal position and orientation (a pose) at the end point of the human
walking path [103, 104, 132, 133]. Spatial stereotypy of motion means that the motion
trajectory, angle, velocity, or other features have particular patterns or repeatable
tendencies that correspond reliably with particular goal-oriented motions [133, 134].
The cause of the spatial stereotypy is not fully understood, and may be caused by
the mechanical structure, control mechanism, or cognition states [103, 133]. Though
humans can freely move toward any direction on the ground level, humans tend to
avoid moving sideways [102]. This means that human locomotion is often effectively
similar to a car, bike, or wheelchair, which are constrained by a wheeled mechanism
to have nonholonomic kinematics [102,133,135,136]. It is also often thought that human locomotion satisfies some optimality criterion [126]. This is often taken to mean
that humans tend to minimize the cost of time, energy, or other measures of effort
or physical qualities of locomotion [130]. Many criteria may be involved in human
locomotion path selection [131, 132].
Instead of focusing on the kinematics of each step, several studies suggest that
the path trajectory of goal-directed walking locomotion is decided prior the movement [103, 104, 131, 137]. It is thought that humans optimize the whole path trajectory (a global optimization of the path) given the assigned poses (positions and
orientations) of the start and destination, applying optimal-motion criteria to plan
the whole path [103, 104, 131, 133, 135, 137].
Some studies have analyzed the trajectory selection of human goal-directed walking, to determine if common optimality criterion could explain the observed path.
One optimal path, a straight line path between the start and the destination is the
shortest distance and may seem intuitive. Given the shortest distance involved, it
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may also be the most time and energy conservative path. It also has some benefit
of computational or control efficiency, given the simplicity of the path. For these
reasons, straight line paths are prominently used in robotic control and for animation
generation purposes [127–129]. However, straight line paths have been found to not
agree well with experimental studies of human walking [123]. Figure 5.1 shows some
typical human goal-directed walking trajectories [135].
Instead of shortest-path, the optimization of smoothness is another possible criteria that could be used to generate goal-directed locomotion. The time derivative variation of the curvature of the locomotor paths is minimized in this case [133,135,138].
If humans optimize for smoothness, it suggests that humans would tend to reduce the
turning angular acceleration while moving, in other words, to avoid a sudden change
of direction. The smoothness optimization criterion was also shown to explain human
hand movement [133], and so it might play a role in general human movement.
Another promising approach to examine the path trajectory of human locomotion is to use an inverse optimal control model to examine goal-directed locomotion [130, 131, 136]. Such an inverse optimal control model can be used to identify
possible cost functions based on experimental data [131]. Based on this approach,
Bayen et al. determined that smoothness is a valid criterion for human locomotion [136]. Another study by Chitour et al. proposed that minimizing ‘effort’, which
is a compromise between path length and energetic cost, depends on the curvature
or its derivatives [130]. Overall, previous studies suggest that it is reasonable to expect smoothness could be a factor determining human locomotion paths. However,
as much of this work was for legged locomotion, it is not directly clear whether this
would translate to human wheelchair-based locomotion.

5.2.4

Path Planning of Wheelchair Locomotion

Currently, path planning studies of wheelchair locomotion appear limited. Previous work was found that addresses autonomous wheelchair path planning by treating
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Figure 5.1. Actual trajectories of target-directed walking paths from
Arechavaleta 2008 [135], with different target orientation. The grey
lines are actual trajectories executed by six subjects, the solid black
lines are the mean trajectories. Blue arrows (with round end) indicate the assigned positions and orientations of the body at the destination. Red arrows (with rectangle end) indicate the positions and
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it in a similar manner as a robotics path planning problem: the shortest feasible (safe,
and/or not too crowded) path was used. [139, 140]. Some path planning algorithms
were developed to assist wheelchair users with obstacle avoidance, wall following, target tracking, and line following [140–143]. In these cases, the path is not optimized in
a global sense and is generated from local rules. In these studies, the form (e.g., shape,
size) and statistical details of wheelchair paths (e.g., variability) was not reported.

5.3

Experimental Design and Procedure

5.3.1

Study Scenario: Manual Wheelchair Short-Range Navigation

The experimental study scenario pursued here is inspired by everyday behaviors
such as when a wheelchair user is boarding an elevator, a wheelchair-lift, or moving
through a narrow gate or other small space. Stated in a more technical way, the
scenario is defined as follows: The human subject, a manual wheelchair user controls
her/his wheelchair to move from an assigned starting pose (position and orientation
in the horizontal plane) to an assigned rectangle area on the ground level with with a
verbal instruction given for the final destination pose. The verbal instruction included
specifying that they can only approach the area from an assigned open side of the
rectangle, and that all parts of the wheelchair and body must be inside the area in
order to complete the task.
Since the margins between the wheelchair and the edge of the platform were small
(0.05 m), I expect that the tolerance of the final orientation would be small (< 1.4◦ ).
Therefore, the final orientation was controlled and would not significantly affect the
form of path. These instructions are inspired by the real lift platform boarding
scenario to examine the possible final pose error in platform boarding. Instead of
using physical boundaries and leveled platform which used in a real boarding scenario,
the experiment were conducted on an all flat area to reduce the complexity and to
control the experiment condition. There was no ramp or gap between the ground and
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the platform (rectangle targeting area), all boundaries of the platform were marked
by tape.
The geometry and size of the assigned area is the same as a commercial wheelchair
vehicle lift (1.19 m × 0.86 m rectangular area) [125], as this experiment was inspired
by that everyday behavior. A very similar task is performed everyday when boarding
an elevator (especially smaller to average size elevators). Other similar scenarios occur
when one pulls up to a table, a desk, a counter, or any time one positions and orients
with respect to objects, environmental constraints, or other people. Such scenarios
happen many times every day. Also, another closely related task occurs when one
passes through a door, a gate, or other small openings since momentarily one needs
to align their orientation and position to fit through the opening.
Multiple starting poses, a total of ten, were tested to determine the possible
influence of the starting pose on the path taken. The position of starting poses
were followed the platform boarding scenario. The range of the poses were within
a typical bus loading area or a sidewalk area around a bus stop. The expected
maximum movement distance along the paths taken is less than 5 m (S1:D1 or S3:D2,
see Fig. 5.2), if subjects mainly move straightly. The distance was within common
wheelchair movement distances [144].

5.3.2

Subjects

Twenty physically active student volunteers participated in the experiment (13
males, 7 females; age = 25.1±4.5). None of the participants had long-term wheelchair
experience. To ensure a basic level of familiarity with wheelchair use, all participants
were provided a five minute basic tutorial and practice of wheelchair manipulation. All
participants provided informed consent forms approved by the university institutional
review board.
This population represents a more conservative scenario of low-to-moderate skill,
or the case that the user is not previously familiar with the wheelchair. Finding a pop-
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ulation where all individuals have a similar level of wheelchair experience and also have
the same level of physical and mental ability, was expected to be prohibitively challenging. Further, this beginner population may better represent a segment that could
have heightened need in real-world scenarios: those new to operating a wheelchair.
In this way, the study population is considered to be conservative in nature. Lastly,
generalizations and/or comparisons, involving this population and the general human locomotion case, might be possible given that the primary difference is known:
a mechanistic difference between using legs or using wheels.

5.3.3

Apparatus

The wheelchair I used in the experiment was a common mid-size (43 inches × 30
inches, Cruiser III), commercial manual wheelchair. The footrests of the chair were
adjusted for each participant for their own comfort.
An inertial measurement unit (IMU) (MiniIMU-9, Pololu© ) and two encoders
(E6B2-CWZ3E, OMRON© ) were attached on the wheelchair.

IMU samples the

wheelchair’s linear and angular acceleration in three orthogonal components. Encoders record wheels rotating position in the resolution 10000 count per round. Both
sensor signals were acquired by a sensor data collecting device (USB-4S, USDigital© )
with 200 Hz sampling rate, then transmitted to the computer for reconstructing the
wheelchair paths. The reconstruction was made with an extended Kalman Filter [145]
and the accumulated error was less than 1 percent which met our requirements.
The setup of the experimental field is shown in Fig. 5.2. The experiment was
held in an indoor environment. As an added precaution, the floor was covered with
uniform black sheets of paper to avoid unwanted references that may have occurred
due to an otherwise apparently grid pattern of the room’s floor tiles.
There were six starting points and two destination areas. The two destinations D1
and D2 were used in order to test the possible difference between right-turn and leftturn motions. The combinations S1-D2 and S4-D2 were not included in the study as
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Table 5.1. Coding of cases.
Coding Start

Destination

Description

RLo

S1

D1

Right turn, long path

RMF

S2

D1

Right turn, mid path, far

RMN

S4

D1

Right turn, mid path, near

RS

S5

D1

Right turn, short path

LMF

S2

D2

Left turn, mid path, far

LLo

S3

D2

Left turn, long path

LS

S5

D2

Left turn, short path

LMN

S6

D2

Left turn, mid path, near

SLo

S3

D1

Straight forward, long path

SS

S6

D1

Straight forward, short path

both of these are geometrically identical to the S3-D1 and S3-D1 pairings respectively,
where in all of these cases the destination is straight ahead of the starting point and
orientation of the human subject. Therefore, a total of ten combinations of starting
points and destination areas were tested to observe subjects’ moving paths in different
cases. I coded the cases, which are shown in the Tab. 5.1.

5.3.4 Procedure
Subjects who had finished five minutes of basic wheelchair practice would be
guided to a randomly assigned starting point among the possible six starting points.
The position and facing direction (orientation) of a subject were corrected by a researcher manually to make sure the subject’s egocenter was above the starting point,
and facing in the direction of the arrows indicated in Fig 5.2. The egocenter of subject
in this study was defined as the position of the position between eyes and two ears.
Subjects were asked to move to one of two destination areas. He/she would stop when

79
they thought they had successfully made the chair and their body entirely within the
area and notified the researcher.
After each run, the researcher collected all of the sensor data that was acquired
and reset the subject’s position. For each starting point, the experiment would repeat
three times. Then the subject would be asked to continue the experiment using the
next randomly assigned starting point. This overall procedure was repeated until all
starting point were tested.

5.3.5

Quantifying and Characerizing Path Trajectories

Each run of the experiment generated a series of two-dimensional positions (a, b)
in the horizontal plane, which represent points along the path taken. The orientation
was also measured at each of these points, such that the complete pose information
of position and orientation is known along the path. Two statistical properties were
examined in this study, the mean paths and the covariance of sampled steps. To
calculate the mean path, first I collected the corresponding pose of every paths in a
case. The length of paths were different from path to path, so I sampled the data of
each path according to the length of the shortest path (t). Therefore the mean path
would be: [µa,1:t , µb,1:t ] For calculating the covariance, the position and orientation of
the wheelchair were sampled using a constant distance increment or ‘step’ along the
path in order to avoid overlap of sampled path information of adjacent steps. The
sampling distance was chosen to be 0.3 m. The covariance (Covi ) of each step (i)
was calculated. The covariance is a mathematically defined joint-variability of two
random variables. Here, I choose the two Cartesian position coordinates, a and b.
The covariance of step i is defined as follows:
i
1 ∑
(ai,j − µai )(bi,j − µbi ),
Covi (a, b) =
Mi − 1 j=1

M

(5.1)

where j is the index of a sample points in a step group i, ai,j and bi,j are the position
of the j-th sample point in the i-th step. Mi is the number of sample points in each
group, which is equal the number of subject multiple the number of runs of each
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case, Mi = 20 × 3 = 60. Where µai and µbi are the means of ai,j and bi,j of each
step respectively. The covariance calculation generates a covariance matrix Each
eigenvalue (λ) of this matrix define the variance σ 2 in a direction corresponding to
each eigenvector. The eigenvector which is corresponding to the lager eigenvalue (λα )
is the major component vector (vα ), and the other (λβ ) is the minor component vector
(vβ ).
Plotting an error ellipse with axes aligned with the eigenvectors, and radii equal
√- - - to the 2σ 5.991, then provides a confidence area within which we have a 95% level
of confidence the position will be located. I then examined the standard deviation
of the major component (σα ), standard deviation of the minor component (σβ ), and
the direction of the major component axis (described by an angle with respect to the
a-axis, ϕmaj ), for each step i.

5.4 Results and Discussion
To better understand the behavior of goal-directed wheelchair locomotion, two
factors were examined in this study: the overall shape of the paths taken as characterized by the mean path, and the variability of the paths taken with respect to the
mean path, characterized by the covariance of the sampled steps.

5.4.1 Mean Path Trajectories
Instead of following the shortest feasible path, the subjects used an alternative
strategy to arrange their moving paths. The mean path trajectory showed that the
path towards the destination used by wheelchair users could be approximated be the
combination of a partial circle and straight lines. Figure 5.3 demonstrates some path
trajectories. The trajectories were very different from the shortest paths. All mean
paths are shown in the Fig. 5.6.
The trajectories of the ‘tangent circle’ paths can be composed as illustrated in
Fig. 5.4 and could be defined by the following rules: 1. A circular arc portion of
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~~

L. . . ~.~
Figure 5.3. Examples of the ‘tangent circle’ path planning. The
turning part on the mean path was the part of a maximum circle
which was defined by the start and end direction. All the starting
point were on the upper-left, and the destination were on the lowerright. The start orientation was pointing to the right →, and the
destination orientation was pointing downwards ↓.

the path is tangent to the lines extended from the starting and destination points in
the assigned direction (orientation) of the human at those positions, respectively. 2.
One of the tangent points of the arc and straight portions was either at the start or
the destination position of the whole path, according to whichever makes the radius
of the circle smaller. 3. A straight line portion connects to the other tangent point
of the circular arc segment to either the destination or start point depending on the
preceding rule 2.
Table 5.2 shows the coefficient of determination, R-square values, of the mean
paths with respect to the trajectories which base on the ‘tangent circle’ path planning
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(a)

(b)

Figure 5.4. Generated paths with different start and destination
poses. Circled ‘S’ indicates the start position, and the circled ‘D’ is
the destination position. Arrows attached the circles are the assigned
directions. (a) The tangent point is on the destination point, and the
subject goes straight first. (b) The tangent point is at the starting
point, and the subject turns along the circle first.
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Table 5.2. R-squared (R2 ) of wheelchair moving trajectories.
LLo

LMF

SLo

RMF

RLo

LMN

LS

SS

RS

RMN

Mean

Ra2

0.98

0.96

0.91

0.92

0.98

0.99

0.90

0.99

0.99

0.90

0.95

Rb2

0.98

0.96

0*

0.98

0.95

0*

0.98

0.99

0.98

0.99

0.98*

*SLo and SS are straight lines, so their paths only contain random bias in the b-direction.
Therefore, the Rb2 values were zero. The mean value of Rb2 does not include the SL and SS.

strategy. Ra2 is along the a-direction component, and Rb2 is along the b-direction
component. All the R2 values were higher than 0.9, except the Rb2 of case SLo and SS
were zero. It may because that subjects moved straight line toward the destination
in these cases and had only random movement on the b-direction.
The trajectory shape of the ‘tangent circle’ strategy has smoothness characteristics that are very similar to human walking trajectories reported previously [102]
(Fig. 5.1). The path trajectories in Fig. 5.1 were generated with human subject data.
The top-right panel shows that the trajectory has the same configuration of starting
and destination poses as the LMN case of wheelchair locomotion. The mean trajectory of that case is also comparable to the ‘tangent-circle’ path strategy. This
suggests that legged locomotion and wheelchair locomotion may share similar underlying principles.
Further experimental studies would be required to test predictions of the ‘tangentcircle’ path planning rules for different scenarios. For example, the predicted path
trajectories of different starting and destination conditions are shown in Fig. 5.5.

5.4.2 Variability (Covariance) of Paths
The variability is presented here as covariance ellipses in the horizontal plane,
which are provided with respect to multiple points (steps) along the path. Within
the ellipse there is a 95% confidence level that trajectories will pass (assuming a
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(a)

(c)

Figure 5.5. Predicted ‘tangent-circle’ paths for different starting and
destination poses. The circle ‘S’ indicates the start position, and the
circle ‘D’ is the destination position. The arrows attached on the
circles are the assigned directions.
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Gaussian distribution of the position coordinates). Figure 5.6 shows the variability
of each case.
In general, the covariance ellipses increased in size as the total distance traveled
along each path increased. In the most cases, the largest size of ellipses was on the
last pose. In the cases of LLO, RLo, and LMN, the size increased first, reached the
maximum size on a step at ∼ 60%-path, and decrease, then increase again near the
end pose. Detailed analysis of the individual component of variability was presented
in Sec. 5.4.2 It represented the variability was accumulated along the path. The
shape of ellipses shows that the main variability aligns with the direction orthogonal
to the moving direction. It appears to be consistent with the results of perception
and motion studies in Ch. 2, Ch. 3, and Ch. 4: The main variability of perception
and motion was found to be due to angular motion components, not linear (straight
forward) motion.

Changing Variability Along the Path
To take a closer look at the covariance, Fig. 5.6 shows the relationship between the
parameters of covariance and distance along the paths. Again, the standard deviation
on the major axis (in the direction normal to the path) of RLo was much bigger than
the others. In most cases, except for Slo and SS, σα varied along the path in a similar
way. The value of σα increased at first, then decreased, and then increased again at
the end. It suggests that the subjects’ behavior may have changed along the path.
The variability increased at first, suggesting that subjects had inaccurate turning at
first. Then the variability reduced, suggesting that as the subjects finished turning
and moved toward the target, the angular variability began decreasing while the linear
variability was still increasing. Along the last part of the path, the variability range
increases again, which could be because subjects had variable understanding of the
exact final destination position within the assigned destination area. According to

Llo

LMN

LJ

LMF

LS

Slo

RMF

Rlo

LJ

LJ

~J

ss

RS

RMN

l~J

Figure 5.6. The statistical result of each case. All ten case results are show in this figure. The ‘U-shaped’
marks are representing the destination areas of each case. The red lines indicate the mean path subjects
took. The ellipses across the red lines are the variability ranges which were based on the covariances of each
sampled step.
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Figure 5.7. The relationship of covariance parameters and the steps.
The steps were normalized into the percentage of each case. Red lines
are the standard deviation of the major component (σα ), green lines
are the standard deviation of the minor component (σβ ), and blue
lines are the orientation of the major axis (ϕmaj ).

the instructions provided to human subjects, the proper final destination was within
a 10 by 10 cm2 area.
Three potential sources of variability of the destination position are described here.
One source of the variability may arise from the final destination in this study was in
a range instead of a point. The selected point of final pose may varied from subject
to subject. A second source is the perception error for estimating the position of the
destination. A third source of variability could be the accumulative movement error
along the path. Combination of these factors might occur as well, and in general,
further work would be needed to determine the exact sources of variability of the
final destination.
Figure 5.8 shows the mean and maximum values of σα and σβ for each case. The
mean values (top panels) and maximum values (bottom panels) were consistent. Both
mean and maximum plots show that the two straight forward cases had the lowest
variability. The values of σα and σβ were larger for the longer distance cases: Lo
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Figure 5.8. The mean and max standard deviation of major and
minor components of each case. (a) Means of std of the major component. (b) Means of std of the minor component. (c) Maximum of
std of the major component. (d) Maximum of std of minor component

(Long case) > MF (Medium Far case) > MN (Median Near case) > S (Short case).
This relation was valid for both left-hand and right-hand turning directions. The
right turn, long distance case (RLo) shows the highest variability (σα = 25.6 cm). As
indicated by dashed lines in the figure, the average across all of the mean values of
σα is 13.3 cm (5.23 in), and the average of all of the means of σβ is 6.7 cm (2.62 in).
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5.4.3

Handedness and Asymmetry

The covariance ellipses of the paths was similar for most cases, with the exception
of case RLo. In Fig. 5.6, most ellipses of the RLo case, the standard deviation
normal to the moving direction was bigger than the standard deviation in other
cases. By examining every path of cases RLo and LLo (mirror symmetry cases), even
though the mean path were symmetric similar, the paths of RLo were more sparse
than LLo. It led to a result that, for RLo case, standard deviation normal to the
moving direction was bigger than the corresponding standard deviation of LLo, and
the standard deviation along with the moving direction was smaller than LLo. It
implied that manual wheelchair uses’ performed worse angular locomotion accuracy
and higher linear locomotion accuracy in RLo than LLo. However, the covariance
ellipses of the final pose was similar (similar size and mirror symmetry orientation).
It means that the variability of the final pose of them were similar, but only was
different on the middle steps. It may be because the subjects were more confident on
the dominant-side turn (right turn in this case, all subjects were right-hand users).
Therefore, the subjects may have had higher control effort on distance control and
had relatively less weight or effort to control the timing of the turn. On the other
hand, on the LLo run, subjects may have hesitated along the path, showed lower
quality of distance control, but turned carefully. The human subjects spent less time
(-1.3 seconds on average) on the RLo task than the LLo task, which is consistent with
it being more awkward or difficult.
Figure 5.6 also shows that the LLo and LMN cases have higher values of σβ than
the other cases. It may be because there is less confident behavior of the non-dominant
turn (also discussed above for the LLo case).

5.5

Summary
In this chapter, I studied a common scenario of a manual wheelchair user boarding

a designated area (like a platform), in order to understand the path and variability
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behavior of this kind of human goal-directed locomotion. The navigation scenario
was inspired by boarding a lift platform, which is an important task for many manual wheelchair users on daily bases. This study resulted in knowledge about the
shape and variability of locomotion paths based on different starting and destination positions and orientations. In this study, manual wheelchair users were found
to take paths that are well-described by a composition of circular arcs and straight
segments such that the overall path is smooth (described by several ‘tangent-circle’
rules as described in the chapter). I found that most of the variability of paths occurred during turning motions, as opposed to the straight line segments. Longer path
distances were found to correlate with higher path variability. Cases that included
a right turn motion showed higher variability than left turn motions. Overall, the
approach used here could also be generalized to study more general mobility cases
that a manual wheelchair user would encounter to move from one point to another
preferred position. The results presented here, along with further studies involving
more locomotion scenarios, could provide greater knowledge of everyday locomotion
behaviors that are critical for overall mobility and accessibility of manual wheelchair
users.

Part II
Manual Wheelchair User
Uncertainty Model and Simulation
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6. BASIC ‘ONE-STEP’ MODEL OF THE UNCERTAINTY OF WHEELCHAIR
LOCOMOTION
6.1

Introduction
This study aims to establish a manual wheelchair user (MWU) locomotion model

based on MWUs’ perception and motion uncertainties, which are described in a probabilistic formation, to better describe their motion behaviors and how they interact
with the built-environment. Wheelchair locomotion was chosen as the study scenario
here since it is among the most fundamental human motion skills [43, 74]. For a
manual wheelchair user, the performance of locomotion is of necessity to their safety
and well-being [78].
The goal of the locomotion model used here is to describe the probability of the
errors of locomotion over a short range (or a single step in the model). To predict
a likelihood of the locomotion error (i.e., constant errors, and variable errors) based
on the given perception and movement condition. In other words, the model predicts
the distribution of the possible error. The distribution is a statistical result which
represents the locomotion errors of a group of wheelchair users.
Here, the approach taken to model human perceptual-motor organization behaviors based on a Hidden Markov model (HMM) and Bayes Filter approach. Although
these techniques are applied often to robot action and control, such as in probabilistic
robotics [22, 146–149], it remains unclear whether they can accurately model human
actions. Such human perception-motor calibrated action models could have broad
applications including the evaluation of environmental safety for wheelchair users.
Knowledge gained here may be relevant for other applications in which a person in a
seated position would interact with the environment, such as operating small wheeled
vehicles. Some example scenarios are shown in Fig. 6.1. In all scenarios, the subject
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Figure 6.1. Possible application scenarios of the control schema:
(clockwise from top left) Unmanned vehicle remote control, crane operation, car driving, a virtual reality environment, and video game
playing.

perceives the environment visually, and uses the perceived information to interact
with the external environment.

6.2

Hidden Markov Model Approach

6.2.1

Hidden Markov Models in Human Behavior Studies

A Hidden Markov model (HMM) is a finite state model, which describes the
probability transition between states of a possible sequence [150]. The HMM approach
is commonly used to describe a stochastic process in state space, which contains
hidden information that can only be estimated by other observable information [151,
152].
The HMM approach has demonstrated high capability in revealing hidden information and in predicting a future state.

It also has been used in categoriz-

ing/predicting human behaviors. [153, 154]. In general, as Pentland and Liu’s pro-
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posed, many human behaviors might be accurately modeled as a set of dynamic
models in sequence together by Markov chain approach [155].
In the current literature of HMM of human movement and locomotion, researchers
usually use external sensors, such as cameras, motion capture units, or inertial measurement units, in order to observe the subjects’ behavior. This is a popular solution
for many application scenarios [148,156–162]. These studies show the ability of HMM
to handle multiple pieces of observable information (e.g., motion information, image, shape) in order to estimate hidden properties (e.g., position, gesture, intention).
However, since human behavior is usually interpreted by external sensors, the sensors
themselves become part of the HMM model, and hence, form a human-sensor model.
In contrast, the overall approach to modeling here is based on the goal of predicting a subject’s own perception rather than that of an external sensor. In addition,
the modeling approach here is meant to integrate movement, and the interaction
between perception and movement into one whole perception-action model of basic
wheelchair locomotion. In other words, here I seek to model explicitly the human’s
sensing behavior as the sensing element in our model instead of a traditionally used
external sensor model. The model developed here is therefore capturing more directly
the dynamics of a human system, not a human-machine/sensor system. The independence of the model from external machine/sensor dynamics is expected to allow
generalization and thus lead to more application opportunities.

6.2.2

Hidden Markov Models of Human Locomotion

In order to model human perceptual-motor behaviors, it is of necessity to obtain human perception information, which is based upon an intrinsic observation of
the human subject. It is also important to develop a motor model that effectively
describes the locomotion without target position perception.
To model sensing and movement parameters in the HMM, I assume a chainstructured Bayesian network [163]. Therefore, I apply a Bayes filter here. The Bayes
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filter is widely used for many areas like robotics, signal processing, finance, and many
other fields to estimate the state of a time-varying system with indirect, noisy measurements. It provides a recursive structure to estimate an unknown probability
density function of each state based on previous information [164]. Therefore, to
model such a filter structure, a key here is in revealing the error probability distribution information of perceptions and movements of humans from state to state. Of
course, to produce a model of human sensing to begin with, one needed to initially
measure it in a laboratory setting over a range of conditions, then describe human
sensing with respect to the human’s own ego-centric frame of reference. The final
result yields a model of human sensing in the human’s own reference frame.

6.3

‘One-step/iteration’ Human Locomotion Model
For the simulation approach used here, I model a ‘one-iteration’ locomotion as

follows: A person is at an initial position (xt−1 ), with an intention to move an
assigned amount (ut ), then visually perceives the position of one or many objects
(zt ) to use as references to aid motion to a new position, and to estimate one’s new
position (xt ), and the belief of the new position.
Figure 6.2 shows a basic HMM structure that describes the wheelchair locomotion
process in this study. The structure frames a dynamic process from time t − 1 to time
t + 1. Since the model is a discrete state space model, the time t here was not a
physical time, but a time stamp which used to indicate the state change. The state
(xt ) of the system included the position and orientation of the human.
Where ut is the control input of the system, which is the locomotion without
target position perception, the subject intends to execute; and zt is the observation of
the environment, which includes the distances and directions of surrounding objects.
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A Bayesian filter was applied to integrate this the perception and locomotion
without target position perception information. A typical Bayesian filter is composed
of two steps, a prediction,
bel(xt ) =

∑

p(xt |ut , xt−1 )bel(xt−1 ) ,

(6.1)

and an update,
bel(xt ) = ηp(zt |xt )bel(xt ) .

(6.2)

The filtering process generates a belief of a new state, bel(xt ), according to the
belief of the previous state bel(xt−1 ), the most resent measurement zt , and the most
recent control input ut . These terms are assembled in the manner of conditional probability. The filter is a two-step, recursive filter. Figure 6.2 indicates one-iteration (or
one step) of a Bayesian filter. One implication of this is that a continuous locomotion process is assumed to be decomposed into a series of single iteration units. This
iteration structure (or Markov chain) is based on the Markov assumption, or the memoryless property. It is the fundamental assumption of a Markov process. It means a
future state only depends on its current state [151]. These assumptions allow us to
divide a complex action like locomotion which includes continuous observations, decision making and motions, into smaller fragments. In a typical locomotion scenario,
all small fragments of the process would be similar. The similarity here means they
share the same dynamics and models but have different inputs or parameters [21,148].
The measurements (zt |xt ) are visually perceived distances and orientations of perceived references objects. The outcome (xt |ut , xt−1 ) is the locomotion without target
position perception result which includes linear and angular parts. Finally, belief
bel(xt ) represents the outcome, the error probability distribution, of human locomotion.
In the prediction step, bel(xt ) is a temporary estimation of the belief over a state
variable xt after the state is changed with a control input. p(xt |ut , xt−1 ) is the state
transition probability. The state xt is conditioned on the control data ut and its
previous state xt−1 (see Fig. 6.2). The summation is referred to as the Theorem of
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Figure 6.2. Hidden Markov Model of an action [22]. The marked
area represents the process happened in ‘one-iteration’.

total probability: p(x) =

∑
y

p(x|y)p(y). It means that I collect all updated possibility

of prior belief over state xt−1 to estimate a new state
The second step updates the bel(xt ) by measurement probability p(zt |xt ), which
is conditioned on the same time state. The η is a normalization constant to make
the integral of product, p(zt |xt )bel(xt ) equal to 1, in order to let the bel(xt ) be a
probability. In other words, a subject has an initial understanding of the state of
him/herself first, bel(xt−1 ). Then he/she uses the knowledge about his/her internal
sense of self motion to predict a possible state and its believe, bel(xt ). Then uses the
perception information to update/correct the belief of a new state bel(xt ).
There are many possible implementations of the Bayes filter. The Particle Filter
(PF) approach (a sequential Monte Carlo method) was chosen in this study. Particle
Filter is a non-parametric method, for which the specific distribution types and parameters are not required when applying the PF [165]. PF uses a number of particles
to represent the overall set of possible behaviors of the subject. In this implementation, each particle starts from a known initial state and a series of state changes are
simulated by executing predictions and updates with random perception and locomotion without target position perception inputs that follow the experimentally-based
error distributions (as presented in Ch. 2–4). The distribution of the paths of all the
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particles (each a series of positions and orientations) represents the possible paths of
the human locomotion being modeled.

6.3.1

Uncertainty Perception Model

According to Eqn. 6.1 and Eqn. 6.2, if the subjects stayed at a static reference
point, only perception results would be reported. Consequently, here I can measure
the perception model as follows:
bel(xt ) = p(zt |xt ) .

(6.3)

The spatial perception can be described in 2D polar coordinate system. That is,
p(zt |xt ) = p(zdt , zθt |xt ) ,

(6.4)

where zdt is the set of distances of references, and zθt is the set of corresponding orientation of references. The quantity p(zdt , zθt |xt ) has been identified by the egocentric distance perception experiment (Ch. 2) and the direction perception experiment
(Ch. 3).

6.3.2 Model of the Locomotion without Target Position Perception
If subjects are asked to observe an assigned stimulus and make a corresponding
locomotion. A model of locomotion without target position perception can be inferred
from a ‘backward’ case of Bayes filter. The derivation is shown in Eqn 6.5.
1. bel(xt ) = ηp(zt |xt )

∑

p(xt |ut , xt−1 )bel(xt−1 ) ,

2. bel(xt ) = ηp(zt |xt )p(xt |ut ) ,

(6.5)

3. p(xt |ut ) = ηbel(xt )/p(zt |xt ) .
In the first line of Eqn 6.5, because I apply the Bayes filter in a backward direction, I substitute Eqn. 6.1 into Eqn. 6.2. Than I assumed that the prior state is the
initial state, so bel(xt−1 ) is a single possible position, with a value set to be zero with

99
probability equal to 1. According to the assumption I get line 2. Finally, by rearranging line 2 I get line 3. The error of motion with only an internal sensory ability,
is represented by p(xt |ut ), which can be determined from knowing the locomotion
experiment outcome, bel(xt ), and the perception model from experiment outcome,
p(zt |xt ).
In this study, p(xt |ut ) referred to the error probability of locomotion without target
position perception, p(zt |xt ) referred to the probability of perception error, and the
bel(xt ) referred to the locomotion error.
In the same manner as the perception model, a probabilistic model of locomotion
without target position perception can be represented in a 2D polar coordinate frame,
p(xt |ut , xt−1 ) = p(xt |(udt , uθt ), xt−1 ) ,

(6.6)

where udt and uθt are the polar coordinate representation of the straight-line moving
distance and turning angle of a subject.

6.4 Manual Wheelchair User Straight-Line Locomotion without Target
Position Perception Model
By applying the frameworks and methods which were discussed in Sec. 6.3.2,
I extracted the uncertainty behavior of locomotion without target position perception from locomotion experimental data along with the perception uncertainty model.
Figure 6.3(a) shows the mean bias (constant errors) with the given physical distances.
Figure 6.3(b) shows the standard deviations (STD, variable errors) of error. The overall tendencies of locomotion without target position perception error and locomotion
error were very similar. Both constant error and variable error fitting curves of locomotion without target position perception were slightly shifted down from that of the
locomotion model. The difference between locomotion without target position perception and locomotion errors would be caused by the compensation of perception error.
The overall shape of regression curves was similar. It implies that the locomotion
error is mostly coming from the movement error, not the perception error.
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Constant errors in the experimental range were negative, and the absolute value
of constant error was decreasing with distance. The regression curve predicted that
the constant error would be zero while the locomotion target was 60 inches (1.5
meters). Also, the slope of the fitting curve of variable error is decreasing while the
slope of a constant error is increasing. It other words, in the experimental range,
while the amount of constant error is decreasing, the variable error is not increasing
significantly. Therefore, it may suggest that human linear motion ability is locally
optimized in the locomotion range around 60 inches (1.5 m). The range is very close
to the average stride length of two steps (1.58 m = 62 inches) [166].
The tendency of the constant errors of locomotion without target position perception and perception were opposite. It suggested that human locomotion without
target position perception, and perception, may compensate each other. That is, we
may learn from our daily experience that we will overestimate a distance of a reference
and correct this error by walking a shorter distance.

6.4.1 Validation
The model of locomotion without target position perception was validated by its
integrated results with the perception model, that is, the ‘one-iteration’ targeting
locomotion behavior. I simulated the targeting locomotion behavior with the perception models and locomotion without target position perception model, which were
established from different studies, by particle filter, and compared the result with the
locomotion experimental data. Two points I would like to validate. First, I would
like to examine the usability of the ‘one-iteration’ model. Second, I test the accuracy
of the model by repeated random sub-sampling validation method [167].
To validate the usability, I randomly generated pseudo inputs, the stimulus distances, in the experimental range. The number of the pseudo inputs was equal to
the sample size of experimental data. Then, ‘one-iteration’ locomotion process were
simulated with these inputs and the models to get the simulated locomotion output.
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Figure 6.3. (a) Second order regression fitting curves of means of linear locomotion without target position perception, locomotion, and
perception errors. (b) Second order regression fitting curves of standard deviations of linear locomotion without target position perception, locomotion, and perception errors.
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Figure 6.4. Comparison of distributions of simulated and experimental data of the linear locomotion.

Two-sample Kolmogorov-Smirnov test [168] (MATLAB© ) were used to test that two
data sets were sampled from same distribution or not. The simulation process were
repeated 1000 times, and 97% of test results showed that the simulated data and
the experimental data are came from the same distribution. The result suggested
that simulated data cannot be determined from the experimental error distribution
data of human linear locomotion. In Fig. 6.4 shows a example of a comparison of
a simulated distribution and the experimental distribution. The result validate the
usability of the straight-line locomotion without target position perception model.
To validate the accuracy, I randomly selected half experimental data (training
data).

Another half of experimental data were for validating (validating data).

The training data were used to build the locomotion without target position perception models, which were used to produce simulated data with the input from
validating data. Two-sample Kolmogorov-Smirnov test were used to examine the
simulating data distribution and validating data. I repeated the process 500 times
to make sure the selection will not change the validation result. Figure 6.5 shows
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Figure 6.5. Comparison of distributions of training, testing, and
simulating data of linear locomotion.

an example of a validation result of straight-line locomotion data. In this example, I
could find that even the training data distributions and validating data distributions
were significantly different, the distribution of simulated data still match the distribution of validating data. The accuracy of this model was defined by the percentage
of simulations pass the Kolmogorov-Smirnov test. The accuracy of the ‘one-iteration’
straight-line locomotion model was 84%. The result suggests that one could use data
collected from some participants to build models to represent a larger population
behavior.

6.5 Manual Wheelchair User Angular Locomotion without Target Position Perception Model
Fig. 6.6(a) and Fig. 6.6(b) show the extracted angular errors of locomotion without
target position perception from angular locomotion experimental data. Like I found
in the linear experiment, the uncertainty of angular perception and of the angular
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locomotion without target position perception showed opposite tendencies. Namely,
participants tended to turn a smaller amount, even though they overestimated the
perception of the direction angle. This suggests they behaved like they had known
they overestimated the stimulus. Therefore, the constant angular locomotion error
was smaller than the constant error of direction perception and the error of the
angular locomotion without target position perception. Despite small differences, the
constant errors of angular locomotion and angular locomotion without target position
perception were very close. It supported the observation in the linear experiment that
locomotion without target position perception was the main error source of angular
locomotion, not perception.

6.5.1

Validation

The validation of angular locomotion without target position perception model
followed the same procedure of straight-line model and experiment. Usability and
accuracy validation are presented in this section. The ‘One iteration’ angular locomotion model, which is integrated by angular perception and locomotion without target
position perception model, was used to generate the simulated prediction. Pseudo
angular locomotion data were generated according to the angular perception and locomotion without target position perception model. Figure 6.7 shows an example of
error distribution of a simulated data and the error distributions of the experimental
data. Both were normal distributed. The simulation repeated 1000 times, and 96%
of simulation results pass the two-sample Kolmogorov-Smirnov test [168] by MATLAB© . The result suggests that the simulated data cannot be determined from the
experimental error distribution data of human angular locomotion, which validated
the usability of the angular locomotion without target position perception model.
For accuracy validation, experimental data were separated into two groups, the
training data and the validating data. The training data were used to build a locomotion without target position perception model, and the validating data were used
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Figure 6.6. (a) Second order regression of constant errors of angular
locomotion without target position perception and and locomotion.
(b) Second order regression of variable errors of angular locomotion
without target position perception and locomotion.
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Figure 6.7. Comparison of distributions of simulated pseudo data
and experimental data of angular locomotion.

to be compared the simulated results from the model. The process was repeated 500
times to make sure the selection would not change the validation result.
Figure 6.8 shows an example of the accuracy validation result. The training data
curve showed the experimental locomotion error distribution. The validating data
curve represented the same kind of distribution too. The simulated data curve was
generated by the perceptional input of testing data and the locomotion without target
position perception models coming from training data. The accuracy of the ‘oneiteration’ angular locomotion model is 85%, which means 85% simulated data pass
the two-sample Kolmogorov-Smirnov test. Therefore, I proposed that the simulated
result from partial participants could be used to predict the result bigger group .
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Figure 6.8. Comparison of distributions of training, validating, and
simulated data of angular locomotion.

6.6 Two-dimensional Representation of Simulated Perception and Locomotion
According to the linear and angular models of locomotion presented in this chapter, a 2D probability distribution map of locomotion with given stimulus/target positions were shown in Fig. 6.9(b). The map demonstrates the simulated result of the
error distribution of manual wheelchair locomotion.
To compare it with a 2D probability distribution map of perception with the same
stimulus positions, see Fig. 6.9(a), which is based on the perception model in Ch. 2
and Ch. 3. One interesting thing I find from these distribution maps is that they
show opposite spatial tendency. The error tendency of perception was clockwise, and
the locomotion errors tended to be counterclockwise.
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6.7

Summary
This chapter presented the development of a probabilistic human locomotion

model. This ‘one-iteration locomotion model’ has demonstrated basic abilities to
simulate and predict uncertainty (error) behavior of manual wheelchair locomotion
in the horizontal plane. The model is built upon two human subject experiments
introduced in Ch. 4, which were conducted to explore the basic human locomotion
behaviors. By combining the perception uncertainty model from previous work (Ch. 2
and 3), with the basic locomotion behaviors of Ch. 4, the uncertainty behavior model
of locomotion without target position perception was constructed. A Bayes recursive
locomotion model was then composed from the perception model and locomotion
without target position perception model. The usability and accuracy of the linear
and angular locomotion without target position perception models and locomotion
model were examined. The models could predict the statistical outcomes of the mass
center movement and orientation (with the orientation representing the path direction
of movement). The results of this work imply that the uncertainty of human manual wheelchair locomotion mainly came from the locomotion without target position
perception. The tendencies of the errors of the locomotion without target position
perception, and the errors of perception, appear to be compensatory (calibrating) of
each other.
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Figure 6.9. Simulated distribution of (a) perception and (b) locomotion on 2D horizontal maps. An observer/mover at the origin and face
the y-axis. Red crosses indicate stimuli/targets’ positions. The possibility of perceived/achieved positions indicates by colors. The warmer
the color, the higher the probability would be perceived/achieved.
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7. MANUAL WHEELCHAIR USER NAVIGATION SIMULATION
7.1

Introduction
In this chapter, a probabilistic simulation of wheelchair locomotion and navigation

behavior is developed. Wheelchair locomotion simulations may have application for
understanding and improving wheelchair accessibility [169, 170]. Wheelchair simulation can provide a tool for estimating the relationship between safety parameters (e.g.,
evacuation time) and design factors (e.g., the width of an aisle). To construct a valid
simulation, a predictive model of wheelchair user behavior is necessary. However, in
most current accessibility simulations, the human perception-based reaction to the
environment (e.g., spatial perception, or target awareness) is typically not included.
Most studies only focused on the movement ability of wheelchair users, and assumed
that the simulated user would respond to the environment ideally and with consistent accurate perception and action. [169, 170]. Some studies have begun including
the visual field into the system [171]. However, they did not consider the uncertainty
of human perception. New work is needed to develop and integrate models of human
perception and action errors into wheelchair simulations.
Here I propose a simulation architecture that can represent the statistical behavior of general wheelchair users’ navigation behavior like moving through a narrow
area/gate, following a line, or keeping an obstacle away. This is a common task a
wheelchair user may face in their daily life while using a transportation system or
moving into a building. Such a simulation architecture could provide a powerful tool
to examine the probability of behavior in a given situation.
The overall approach used here is to develop a probabilistic simulation of wheelchair
locomotion errors based on a Hidden Markov Model (HMM). The simulation here is
based on the uncertainty locomotion model introduced in Sec. 6. That one-step or
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one-iteration model described locomotion by an HMM architecture, and where a basic model of human visual perception is integrated with a basic model of locomotion
without target position perception using a particle filter approach.

7.2

Manual Wheelchair User Navigation Simulation
This study aims to investigate the error behaviors of wheelchair users’ position

and orientation while navigating. In other words, how precise can a wheelchair user
be or how inaccurate might they be. The manual wheelchair navigation scenario is
defined as follows: a manual wheelchair user controls her/his wheelchair to move to
an assigned/decided location/target while using visual feedback of the environment and
the target. For example, the scenario could be a wheelchair user boarding a vehicle
lift or moving through a narrow gate. Here I focus on the scenario of boarding a vehicle lift and extend the previous ‘one-iteration/step’ model to a multi-iteration/step
navigation simulation. In the previous study, the model was validated that the perception and the locomotion without target position perception could be integrated
by Bayesian filter and simulated a ‘on-iteration’ locomotion (see Sec. 6.)
An extended HMM architecture was used for this simulation scenario of navigation
behavior (Fig. 7.1). Comparing to the basic model shown in Fig. 6.2, there were two
main modifications. The first was the additional arrows between u and its previous
z. It indicates that every motion input is based on the previous observation result.
The second was that the environment, m, has been introduced to the system. It
represents a static reference map during the experiment process. A relevant example
would be good for this, so that the reader can know more clearly what this is. For
example, a wheelchair user is on her/his way to boarding a lift. The environment,
including the position of the lift and surrounding objects, is static at this point. The
user navigates herself/himself in the static environment by repetitively examining the
possible features in the environment and make movements toward the lift accordingly.
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I develop the simulation here by comparing it with respect to a directly related
experimental scenario presented in Ch. 5. This experiment followed the same setup
and process of the simulation scenario.

;~,----------------------------------------------~,,,
/
:

~1

~~~

\
\

Figure 7.1. A simulation architecture of navigation/targeting locomotion.

The system architecture of the simulation is shown in Fig. 7.2. First, the system
was initiated with parameter settings including field dimension setup, target setup,
wheelchair size and kinematics setup, etc. The second step was path planning to
reach the target and avoid the collision. The simulated paths were generated with
two constraints, smoothness and distance. The shortest and the smoothest path is
generated by potential field and the A* path planning algorithm. The A* algorithm
is a path planning algorithm which commonly used in robotics field, and has been
used in describing human motion planning [129, 172]
To develop and test the simulation, I simulated the everyday process of a manual
wheelchair ‘boarding’ a distant area, here representing a lift platform area on the
ground level. The setup of the application scenario is shown in Fig. 7.3. This is the
exact same scenario used in human subject experiments (See Ch. 5). Therefore, the
results of the simulation and experiment can be directly compared here.
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Figure 7.2. System architecture of the navigation simulator.
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Figure 7.3. The field of the navigation behavior. ‘S’ points mark
the start points of each run, and ‘D’ areas are the target destinations.
Black arrows on ‘S’ points indicate the initial facing directions while
‘D1’ is the target destination. Gray arrows indicate initial directions
while the target is ‘D2’. Dashed curve lines demonstrate possible paths
of wheelchair users.

There were six starting points and two destination areas. Combinations of starting
points and destination areas were tested to observe subjects’ paths in different cases.
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Table 7.1. Coding of routes.
Coding

Start

Destination

Description

RLo

S1

D1

Right turn, long path

RMF

S2

D1

Right turn, mid path, far

SLo

S3

D1

Straight forward, long path

RMN

S4

D1

Right turn, mid path, near

RS

S5

D1

Right turn, short path

SS

S6

D1

Straight forward, short path

LMF

S2

D2

Left turn, mid path, far

LLo

S3

D2

Left turn, long path

LS

S5

D2

Left turn, short path

LMN

S6

D2

Left turn, mid path, near

The combinations S1-D2 and S4-D2 were not included in the study as both of these
are geometrically identical to the S3-D1 and S3-D1 pairings respectively, where in all
of these cases the destination is straight ahead of the starting point and orientation
of the human subject. Therefore, a total of ten combinations of starting points and
destination areas were tested Routes are coded as shown in the Tab. 7.1.

7.2.1

Particle Filter Simulation Architecture

Many virtual manual wheelchair users, called ’agents’ or ’particles’, to be used
to simulate the statistical results of the navigation. All particles shared the same
initial state and would be assigned to the same task. The number of particle N was
set from 10 to 1600. The number selection is a practical issue when using particle
filters. Usually, there is no optimal value [22]. It is a trade-off between the computing
load and reliability of the result. If N is too small, the particles’ behavior may not
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represent the target distribution. If N is too big, it will take too much computing
power and time. The effect of different N will be discussed in Sec. 7.3.1.
Figure 7.4 shows the procedure of the simulation process. The whole process was
repeated N times to represent agent/particle behaviors. First, an agent searched
the environment for references. There were two kinds of references simulated in this
study. One reference was the temporary target which was set for the next step. The
temporary targets were generated with a pre-planned path. Humans are thought to
globally arrange a path before moving [103,104,131,137] Therefore, I broke down the
pre-planned path (described further in the Sec. 7.3.2) into equal-interval steps with
temporary targets, and assumed that the simulated manual wheelchair users followed
the temporary targets to complete the path. The second kind of feature was the
physical references in the space. In our scenario, it was the boundaries of the platform
area. Both kinds of references were searched in every step. The searching area of
references was based on the human focusing area (±22.5◦ ) [114]. Once the simulated
particle/agent located the reference points in the perception-focusing area, the error
information about perceived positions of references was determined according to the
perception model (p(zt |xt )). The error information from each reference point was
merged together to update the pose of the particle/agent. It is the update step of a
Bayes filter:
bel(xt ) = ηp(zt , 1 : i|xt )bel¯(xt ).

(7.1)

Where bel(xt ) was the belief of the pose of time t, zt , 1 : i was the perceived references
(number = i) information at time t, bel¯(xt ) was the motion predicted belief of the
pose of the agent after the previous motion, and η was a normalization tern.
Therefore, the simulated particle agent calculated the distance and the direction
from the updated pose toward the next step target position along the intended path.
The relative distance (dt+1 ) and direction (θt+1 ) between the next target and the
self position became the control input of the next step (ut+1 ). An odometry motion
model was used in the simulation due to its simplicity. The model has been widely
used in robotic modeling, often to describe the differential drive vehicle like a manual
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wheelchair. [173–176] The odometry model uses the linear (dt+1 ) and angular (θt+1 )
movements to synthesize the general movement as follow:
at+1 = at + dt cos(ϕt + θt+1 )

(7.2)

bt+1 = bt + dt sin(ϕt + θt+1 )

(7.3)

ϕ( t + 1) = (ϕt + θt+1 )

mod 2π

(7.4)

Where (a, b, ϕ) were the pose (position orientation) of the agent. The uncertainty of
the motion were also simulated according to the locomotion without target position
perception uncertainty model. It was the prediction term of Bayes filter:
bel(xt+1 ) = p(xt+1 |ut+1 , xt ))bel(xt ).

(7.5)

The update and prediction process was repeated until the agent achieves the goal.
The whole path of the agent and its belief of each step were recorded.

Repeat N times
Search for
References

Generate
Perception
Noise
Merge
References
Information

Re-localize
Itself

Generate
Noises

Move
Wheelchair

Yes
Record Path

Plan Next
Step
End the
Run

Figure 7.4. Flowchart of the navigation simulation.
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7.3

Results and Discussion
Multiple aspects of the wheelchair simulation were analyzed and compared with

the experimental result to evaluate the feasibility of the simulation system. First, the
repeatability of the simulation results was evaluated. That is, the necessary particle
number of the particle filter of this study was also identified. Second, the path planning result in comparison with experimental results were evaluated: I checked the
similarity of the paths taken in the simulation and experiment of all cases. Third,
the uncertainty behaviors of each case were examined and compared with the experimental result, which justified the usability of the simulator.

7.3.1

Effects of the Number of Particles

As mentioned in Sec. 7.2.1, the particle number, N , is a practical parameter of
particle filter. Therefore, I conducted a test to identify the needed N . The criterion
used for the selection of N is the minimum number which yields a stable simulation
outcome [22]. In other words, the objective was to find an N for which the change of
variance is small. I used the average spatial error of the moving path as a measurable
outcome in order to check the stability of the simulation with respect to the size of N .
The errors had three components: an a-component, b-component, and orientationcomponent. I integrated the information from these three components by normalizing
the data from each component and summing them up, in order to yield an overall
benchmark of the simulation outcome. Figure 7.5 shows that the variance of the errors
of each simulation decreased significantly with increasing N . Once N >= 600, the
variances of all error components were smaller then 2%. If N >= 1200, the variances
were smaller than 1%. For computational efficiency considerations, N = 600 was
chosen for this simulation.
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7.3.2

Path Planning

Initially, the shortest safe path was assumed to be the path that the wheelchair
user may take toward the platform area [177]. The first step to building a shortest
safe path was to estimate the safety levels of any position on the map. The safety
level was defined as the distance form the position to the nearest obstacle (such as the
boundaries of the platform). Second, the minimum clearance (distance) was defined as
half of the size of the wheelchair in order to avoid the center of the wheelchair touching
any obstacle. The area withing this minimum clearance distance of obstacles were
defined as the unreachable area. After this second step in determining the shortest
safe path, the map was defined with reachable areas on unreachable areas. Finally,
the shortest path in the movable area was searched by A* algorithm [129, 172]. A*
algorithm is a pathfinding algorithm which used to find the path with the minimum
cost. The cost here is the path distance. The shortest safe path method was applied in
the early stages of simulation development. However, according to the experimental
data, I found that the wheelchair users did not follow the assumptions made by the
shortest safe path.
By examining the average path trajectories from the experimental results, the
paths towards the destination used by wheelchair users appeared to be more like the
combination of the arc of a circle with straight line segments which are tangent to
the circle.

I found that a particular combination of arcs and lines could predict the

overall shape of the paths taken, and could be defined by the following rules:
1. A circular arc portion of the path is tangent to the lines extended from the
starting and destination points in the assigned direction (orientation) of the human
at those positions, respectively. 2. One of the tangent points of the arc and straight
portions was either at the start or the destination position of the whole path, according
to whichever makes the radius of the circle smaller. 3. A straight line portion connects
to the other tangent point of the circular arc segment to either the destination or start
point depending on the preceding rule 2.
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Figure 7.6. A comparison of simulation outcomes using different
path planning approaches. (Left): The ‘tangent circle’ path planning approach. (Center): The actual paths (light lines) and average
path (thick line) of human subject experiment results. (Right): The
shortest safe path planning approach.

In the simulation, I followed these three ‘tangent-circle’ rules to plan the intended
path of the simulated manual wheelchair user. Figure 7.6 shows a comparison of two
simulation outcomes based upon (left panel) the ‘tangent circle’ path planning, and
(right panel) the shortest safe path planning, along with (center panel) a plot of the
actual paths taken in human subject experiments.
Figure 7.7 shows the paths comparison of each route from the experiment and
the simulation. By visual inspection, most trajectories simulated with the ‘tangent
circle’ path planning method were comparable to the experimental average trajectory.
The only significant exception was the route LMF. The trajectory data shows that
manual wheelchair users turned earlier in this case more than any other. The possible
explanation is that manual wheelchair users tried to accomplish the turn earlier in
order to have the target area in the field of view earlier. However, the result of the
similar setup, RMF, did not show the same phenomena. It could be because turning
with a non-dominant hand increased difficulty in some manner that induced them to
turn earlier.
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Figure 7.7. Mean paths of every route. The blue line indicates
the average path of experiments, and the red dots indicate the most
possible path of simulation. The U-shaped outline at the bottom of
each figure indicates the platform/destination area.
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Figure 7.8. The curvature change with steps of each route. Solid
lines were calculated from the mean paths of experiment data, and
dash lines were generated with the most possible paths of simulation.

The curvatures of paths were also examined. Figure 7.8 shows the curvature
change versus the distance along the path (plotted as percentage of total path).
The changes in the curvature in the simulated and experimental cases were were very
similar, even in the case where the two trajectories did not fully match (LMF). I
also examined the correlation of the simulated and experimental average paths with
respect to the position of each step in the a-axis and b-axis. The results are shown in
Tab. 7.2. overall, the results indicate that the ‘tangent circle’ path planning method
was capable of reproducing the average path selected by wheelchair users.

7.3.3 Validation of Simulated Path Statistics
A primary goal of this study is to demonstrate that the simulation with probabilistic locomotion models can be used to represent the statistical behavior of manual
wheelchair user navigation. Therefore, I examined the variability (a covariance ellipses) of both simulated and experimentally-measured paths to quantify and compare
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the behavior. For steps along the average simulated and experimental paths, distributions of possible positions were obtained (shown as covariance ellipses in Fig. 7.9).
Every ellipse represents an iso-contour of the Gaussian distribution which indicates
a 95% confidence possible area of each step. Both the experimental and simulated
data were sampled with corresponding steps. In the most of the routes, the sizes
and shapes of corresponding variability/covariance ellipses were similar. One exception came form route RLo. Manual wheelchair users in experiments showed different
behavior in the case of RLo. In this case, the variances along the axis aligned with
the moving direction were shorter than those of other cases, and the variances in the
orthogonal direction were longer. It is possible that manual wheelchair users showed
higher locomotion accuracy along the path direction, but worse angular locomotion
accuracy in the case of RLo. By examining every path of cases RLo and LLo, mirror
symmetric cases, the paths of RLo were more sparse (spread out) than LLo. Despite
a randomized order of the cases studied in the experiment, according to computer
generated random lists, still 30% subjects started the experiment with RLo case. It
is possible that manual wheelchair users might gain experience from run to run and
might improve their performance while experimenting. It may explain why the error
range of curvature was bigger in RLo case than the other, because it was the first
case for many subjects. Among the other cases, no other one had a disproportionate
time as the first case.
To take a closer look at the variability (covariance), the parameters quantifying
the radii of the covariance ellipse were examined, which are the standard deviation
along the major axis (σα ), and standard deviation along the minor axis (σβ ). Also,
the orientation of the major axis (ϕmaj ) is determined. Figure 7.10 shows the change
of each parameter along the path. The correlation between the experimental and
simulated data was calculated. The results are show in Tab. 7.2. The averages
of correlations over the entire path of σα and σβ were both over 0.9. The average
correlation of ϕmaj was 0.8. These results suggest that the distributions of covariance
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Figure 7.9. Comparison of error ranges of simulated and experimental
paths. Red lines of experimental (human subject) data indicate the
mean path, while red lines of simulated data are the most probable
path. The covariance ellipses along the paths represent the error
range.

parameters were similar for both experimental and simulated data, over the path as
a whole.
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Table 7.2. R-squared (R2 ) and Correlation (Corr) of path uncertainty.
LLo

LMF

SLo

RMF

RLo

LMN

LS

SS

RS

RMN

Mean

Corra

1.00

0.97

1.00

0.99

0.99

0.99

1.00

1.00

0.99

0.98

0.99

Corrb

1.00

1.00

N/A*

0.98

0.99

1.00

1.00

N/A*

0.99

1.00

0.99*

Corrρα

0.91

0.97

0.99

0.96

0.91

0.93

0.97

0.99

0.98

0.85

0.95

Corrρβ

0.97

0.92

0.92

0.94

0.94

0.92

0.89

0.85

0.94

0.91

0.92

Corrϕ maj

0.31

0.97

0.93

0.85

0.78

0.82

0.88

0.74

0.93

0.77

0.80

*SL and SS are straight lines, so their paths only contain random bias in the b-direction.
Therefore, the Corrb values are random. The mean value of Corrb shows the result without case
SLo and case SS.

7.4

Summary
In this chapter a novel probabilistic-based simulation of manual wheelchair user

locomotion is developed and presented. The results presented in this chapter demonstrate that the simulation is capable of predicting the statistical behavior of manual
wheelchair users performing a targeted navigation task of boarding a platform area.
Utilizing a ‘tangent circle’ path planning method was found to be critical for generating simulation paths that are consistent with experimental data. The simulated
variability of locomotion paths and the associated statistics (covariance) also compared well with experimental data. Overall, the results demonstrate a promising
approach for studying and predicting wheelchair locomotion and the simulation developed here could be of use for the study of accessibility and manual wheelchair user
behavior.
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8. CONCLUSIONS
This dissertation characterized the basic statistical properties of human perception
and locomotion error behavior over near-body distances, and proposed a probabilisticbased framework with Hidden Markov Model architecture to describe and predict the
relationships between perception, motor control, and the state transition of human
locomotion. The proposed framework enables the simulation of more complex human
locomotion behaviors, specifically with an application to wheelchair user navigation.
Therefore, a major application of this framework is improving the accessibility, usability, and safety of built-environments and transportation infrastructure.
The key experimental components of this thesis are the uncertainty (probabilistic)
descriptions of human perception and manual wheelchair user locomotion (Ch. 2–4).
These studies identified the constant errors, variable errors, and error distribution
types of perception and locomotion by describing them as functions of stimulus inputs. This error information (i.e., uncertainty) can be used to model and predict
human spatial perception and locomotion in 2D space. This knowledge may also be of
value for general human perception studies in psychology, and could facilitate humanmachine interaction applications and studies. Moreover, the probabilistic description
of human spatial perception and locomotion uncertainty was used for constructing a
manual wheelchair user navigation simulation, which was completed in Part II.
In Part II of the thesis, a simulation of wheelchair locomotion based upon perception and locomotion experiments was developed using a HMM based approach,
consisting of the simplified ‘one-iteration’ model (Ch. 6) and the navigation simulation (Ch. 7). The navigation simulation is capable of predicting the paths and
statistics of manual wheelchair user goal-oriented locomotion into a platform area.
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